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This thesis seek to 1) better understand the characteristics of drought factors in different climate 
regions (arid and humid regions), 2) monitor drought effectively using improved soil moisture to high 
resolution data (~1 km) by developing drought index, 3) predict drought by identifying the relationship 
between drought and climate variability. 
In this dissertation, there are five chapters. Chapter 1 summarizes the background of research and 
overviews of the thesis research. In Chapter 2, the characteristics of drought factors in different climate regions 
were understood based on relative variable importance which is provided from machine learning approaches. 
Three machine learning approaches (Random forest, Boosted regression trees, and Cubist) were used to target 
Standardized Precipitation Index (SPI) and crop yield, and Random forest outperformed the other approaches. 
The variable importance targeting SPI and crop yield was applied as weight factors to produce drought maps. 
Those drought maps well monitored drought comparing U.S. Drought Monitor (USDM). In Chapter 3, Soil 
moisture with coarse spatial resolution (25 km) was downscaled to high resolution (1 km), and drought index 
(High resolution Soil Moisture Drought Index; HSMDI) was developed using high resolution soil moisture. 
HSMDI was evaluated for three types of droughts (meteorological drought, agricultural drought, and 
hydrological drought). The index well monitored meteorological and agricultural drought, but there is 
limitation in monitoring hydrological drought. In Chapter 4, short-term (one pentad) prediction of drought 
conducted over East Asia by integrating remote sensing data and climate variability. The real-time multivariate 
(RMM) Madden–Julian oscillation (MJO) indices were used because the MJO is intraseasonal climate 
variability. MJO improved the performance of prediction model. Chapter 5 provides a brief summary of this 
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Drought  monitoring  and forecasting  through  multi -sensor  satellite 







Drought occurs from lack of precipitation due to climate variability (meteorological drought), and 
prolonged meteorological drought leads to soil moisture drought (agricultural drought) and low water level of 
dam and stream flow (hydrological drought) (figure 1.1). Drought has caused human and ecological damages 
such as reduced crop yield, water shortage, heat wave, forest fires (socioeconomic drought). According to 
United Nations International Strategy for Disaster Reduction (UNISDR), 1.1 billion people (around 26% of 
people affected by water-related disasters) have suffered from drought. Therefore, it is important to mitigate 
drought for developing adequate policy by monitoring and forecasting drought.  
Persistency of drought differs for each region under the same condition of precipitation because each 
region has its own characteristics including land use and infrastructures (e.g., irrigation rate, dam building). In 
addition, depending on the characteristics of the climate zone (e.g., humid, arid, and temperate), the mechanism 
of occurrence of drought and the characteristics of drought are also different. While soil moisture droughts due 
to high temperature occur more frequently in arid regions than in humid regions, humid regions are more 
vulnerable to precipitation deficit than arid regions. Therefore, it is important to diagnose and monitor drought 
at local or regional scale. Drought monitoring at local scale makes it possible to know the starting and ending 
point of drought which is useful to develop efficient drought index and to devise a drought policy. 
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Figure 1.1 Drought propagation in the Anthropocene (Source: National Drought Mitigation Center, University 
of Nebraska-Lincoln, U.S.A.) 
 
 
Figure 1.2 Numbers of people affected by water-related disasters (1995-2015) (Source: UNISDR / CRED) 
1.2 Remote sensing in drought 
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1.2.1 Satellite-based drought indices 
Satellite-based drought monitoring is very useful to monitor drought at local and regional scale 
because satellite-based remote sensing data provides space-time continuous information with high resolution 
(~1 km), which is economic and effective. Many satellites and climate models have provides drought related 
variables such as land surface temperature (LST), normalized difference vegetation index (NDVI), surface 
reflectance, evapotranspiration (ET), precipitation, and soil moisture. Many satellite-based drought indices 
have been developed to monitor and predict drought.  
The Evaporative Stress Index (ESI) proposed by Anderson et al. (2011) is one of the widely used 
drought indices. ESI is calculated using standardized anomalies of the fraction between ET and Potential ET 
(PET). The index well captures early signals of drought that are detected by rapid soil moisture depletion. Rhee 
et al. (2011) developed Scaled Drought Condition Index (SCDI) by blending LST, NDVI, and Precipitation. 
SDCI has been reported that it is useful in monitoring drought in recent studies (Park et al., 2016; Du et al., 
2013). Vegetation Drought Response Index (VegDRI) proposed by Brown et al. (2008) is a weekly national 
drought tool. VegDRI integrate various input data including satellite-based vegetation condition, climate data, 
land cover, irrigation, elevation, and soils. The index is not sensitive to short-term drought accompanied by 
high temperature and only focuses on vegetation condition. U.S. Drought Monitor (USDM; Svoboda et al., 
2002) incorporates climate, hydrology and soil conditions measurements. In addition, USDM is based on 
reported impacts and observations from more than 350 contributors around the country. USDM provide the 
information of drought to policymakers and media. Most of satellite based drought indices and incorporated 
drought systems have been developed in developed countries including Europe, U.S. and China. Recently, 
drought monitoring have been studied using satellite based drought indices over developing countries (e.g., 
Africa, Southeast Asia). 
Remote sensing data have been used in drought prediction. Vegetation Outlook (VegOut; Tadesse et 
al., 2010) incorporates satellite-based vegetation conditions data and climate information with other 
biophysical information, and predicts drought using Rule-based regression-tree modeling. Rhee et al. (2017) 
developed a drought forecast model combining remote sensing data and long-range forecast data using 
machine learning. Although satellite-based drought systems have been developed in recent decades, drought 
prediction is still challenging. In addition, most of drought monitoring systems are being implemented in 
developed countries including U.S. and Europe. Remote sensing data can be applied to any region where 
remote sensing data are available even with limited in situ data availability. Therefore, remote sensing could 
be useful to monitor and predict drought in developing countries including Africa and Southeast Asia. 
1.2.2 Drought Condition Index 
Many studies have normalized drought related variables in a given period to develop a drought index 
because what is considered a drought is relative. Drought conditions should be determined based on the climate 
of each region. Normalization using the max-min scaling (from 0 to 1) can take into account the potential 
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maximum and minimum values of the ecosystem. Therefore, this study normalized drought factors by using 
the max-min scaling approach. The data of each time scale (e.g. pentad, week, and month) at each pixel were 
scaled using max-min scaling (from 0 to 1) during a given period as discussed in Kogan (1995). As stated in 
many studies, including Kogan (1995) and Rhee (2010), the values between 0 and 0.4 were considered drought 
conditions. The criteria of the drought class is shown in Table 1.1. 
Table 1.1 The criteria of drought class 
Drought class Values 
Extreme Drought < 0.1 
Severe Drought     < 0.2 
  Moderate Drought < 0.3 
Mild Drought < 0.4 
No Drought >0.4 
1.2.3 Limitation of remote sensing data due to cloud 
Remote sensing data has been used in various fields including for studies on the land, atmosphere, 
and ocean. However, there is a critical limitation to using remote sensing data in surface monitoring due to 
factors like clouds, haze, and dust, which can make it difficult to obtain valid information because of 
contaminated/no data pixels. The usability of remote sensing data therefore depends on the weather conditions. 
Since the drought index is calculated using historical data at each pixel in a given period, no data due to clouds 
can undermine the validity of the index. There have been many efforts to overcome the no data problem, e.g. 
by using interpolation, data fusion with climate model data, different sensors (microwave) or time (near time) 
data. Microwaves, which have a longer wavelength, can penetrate through the cloud cover. Therefore, data 
fusion with synthetic-aperture radar (SAR) sensor data, which is not affected by weather conditions, has been 
done to overcome the problem.  
 
1.3 Overview of papers 
This thesis seek to 1) better understand the characteristics of drought factors in different climate 
regions (arid and humid regions), 2) monitor drought effectively using improved soil moisture to high 
resolution data (~1 km) by developing drought index, 3) predict drought by identifying the relationship 
between drought and climate variability. Two core chapters (Chapter 2 and 3) have been published and the 
other core chapters (Chapter 4) is currently being drafted. Below are the full references and summaries: 
 
Chapter 2: Seonyoung Park, Jungho Im, Eunna Jang, Jinyoung Rhee. 2016. Drought assessment and 
monitoring through blending of multi-sensor indices using machine learning approaches for different climate 
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regions. Agricultural and Forest Meteorology, 216, 157-169. 
Drought triggered by a deficit of precipitation, is influenced by various environmental factors such 
as temperature and evapotranspiration, and causes water shortage and crop failure problems. In this study, 
sixteen remote sensing based drought factors from the Moderate Resolution Imaging Spectroradiometer 
(MODIS) and Tropical Rainfall Measuring Mission (TRMM) satellite sensors were used to monitor 
meteorological and agricultural drought during 2000-2012 growing seasons for different climate regions in the 
USA. Standardized Precipitation Index (SPI) with time scales from 1 to 12 months and crop yield data were 
used as reference data of meteorological and agricultural drought, respectively. The relationship between 
sixteen remote sensing based drought factors and in situ reference data was modeled through three machine 
learning approaches: random forest, boosted regression trees, and Cubist, which have proved to be robust and 
flexible in many regression tasks. Results showed that random forest produced the best performance (R2=0.93, 
RMSE=0.3) for SPI prediction among the three approaches. Land surface-related drought factors, e.g., Land 
Surface Temperature (LST) and Evapotranspiration (ET) showed higher relative importance for short-term 
meteorological drought while vegetation-related drought factors, e.g., Normalized Difference Vegetation Index 
(NDVI) and Normalized Multi-band Drought Index (NMDI) showed higher relative importance for long-term 
meteorological drought by random forest. Six drought factors were selected based on the relative importance 
by their category to develop drought indicators that represent meteorological and agricultural drought by using 
the relative importance as weights. While TRMM showed higher relative importance for meteorological 
drought, LST and NDVI showed higher relative importance for agricultural drought in the arid and humid 
regions, respectively. Finally, drought distribution maps were produced using the drought indicators and 
compared with the U.S. Drought Monitor (USDM) maps, which showed a strong visual agreement. 
 
Chapter 3: Seonyoung Park, Jungho Im, Sumin Park, Jinyoung Rhee. 2017. Drought monitoring using high 
resolution soil moisture through multi-sensor satellite data fusion over the Korean peninsula. Agricultural and 
Forest Meteorology, 237, 257-269. 
Droughts, typically caused by the deficiencies of precipitation and soil moisture, affect water 
resources and agriculture. As soil moisture is of key importance in understanding the interaction between the 
atmosphere and Earth’s surface, it can be used to monitor droughts. In this study, a High resolution Soil 
Moisture Drought Index (HSMDI) was proposed and evaluated for meteorological, agricultural, and 
hydrological droughts. HSMDI was developed using the 1 km downscaled soil moisture data produced from 
the Advanced Microwave Scanning Radiometer on the Earth Observing System (AMSR-E) from 2003 to 2011 
(March to November) over the Korean peninsula. Seven products from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) and Tropical Rainfall Measuring Mission (TRMM) satellite sensors were used to 
downscale AMSR-E soil moisture based on random forest machine learning. The downscaled 1 km soil 
moisture was correlated well with both in situ and AMSR-E soil moisture with the mean coefficient of 
determination (R2) of 0.29 and 0.59, respectively. The Standardized Precipitation Index (SPI) with time scales 
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from 1 to 12 months, crop yields (for sesame, highland radish, and highland napa cabbage) and streamflow 
data were used to validate HSMDI for various types of droughts. The results showed that HSMDI depicted 
meteorological drought well, especially during the dry season, with a similar pattern with the 3-month SPI. 
However, the performance fluctuated a bit during the wet season possibly due to the limited availability of 
optical sensor data and heterogeneous land covers around the stations. HSMDI also showed high correlation 
with crop yield data, in particular the highland radish and napa cabbage cultivated in non-irrigated regions with 
a mean R2 of 0.77. However, HSMDI did not monitor streamflow well for hydrological drought presenting a 
various range of correlations with streamflow data (from 0.03 to 0.83). 
 
Chapter 4: Seonyoung Park, Eukyo Seo, Deahyun Kang, Jungho Im, Myong-In Lee. 2018. Very short-term 
prediction of drought using remote sensing data and MJO index through Random forest over East Asia, Remote 
sensing of Environment, to be submitted. 
Rapidly developing droughts for the short-period of time including flash drought have frequently 
occurred over China in recent years, causing significant damage to agricultural ecosystems. Although many 
drought systems have been developed in recent decades, short-term prediction of drought (within 10 days) is 
still challenging. This study developed a drought prediction model for the short-period of time (one pentad) 
using remote sensing data and climate variability index through Random forest over East Asia (20°-50°N, 90°-
150°E). Satellite-based drought indices were calculated using the European Space Agency (ESA) Climate 
Change Initiative (CCI) soil moisture, Tropical Rainfall Measuring Mission (TRMM) precipitation, Moderate 
Resolution Imaging Spectroradiometer (MODIS) Land Surface Temperature (LST) and Normalized 
Difference Vegetation Index (NDVI). The real-time multivariate (RMM) Madden–Julian oscillation (MJO) 
indices were used because the MJO that is a short time scale climate variability and has important implications 
for the drought in East Asia. The performance of the drought prediction model was evaluated using Root Mean 
Square Error (RMSE) and correlation coefficient (R). Random forest was performed well when the MJO index 
was included in the model (R=0.4 without the index and R=0.7 with the index for validation averaged) for 
drought prediction. The predicted drought index maps showed similar spatial distribution with actual drought 
index maps that well captured the sudden changes of drought conditions from normal/wet to dry or dry to 
normal/wet. Since the developed drought prediction model has not only high resolution (5 km) but a very short 
time scale (one pentad), it is expected to provide decision makers with accurate information of drought.  
 
1.4 Research highlight 
Chapter 2 
- Multi-sensor data are used to assess meteorological and agricultural drought.  
- Machine learning approaches were used to examine the importance of drought factors. 
- Drought indicators are developed to monitor meteorological and agricultural drought. 
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- Satellite-based drought monitoring is assessed for different climate regions. 
Chapter 3 
- Surface variables were integrated to produce high resolution soil moisture (1 km). 
- Machine learning was used to model high resolution soil moisture. 
- High resolution Soil Moisture Drought Index (HSMDI) was proposed. 
- HSMDI was evaluated for three types of droughts.  
- HSMDI provided good performance to monitor meteorological and agricultural droughts. 
Chapter 4 
- Drought short-term prediction model was developed using Random forest. 
- Very short-term Drought Index (VSDI) was proposed. 







2. Drought assessment and monitoring through blending of multi-sensor indices 
using machine learning approaches for different climate regions 
 
2.1 Background 
Drought, one of the major worldwide natural hazards, causes water shortage which not only increases 
the vulnerability of the agricultural sector and economic loss, but also greatly threatens human life (Quiring 
and Papakryiakou, 2003; Wu et al., 2001). Many countries have suffered from drought-induced crop failure 
and water shortage problems. Unlike other natural disasters such as floods and earthquakes, drought is a slow 
developing event and it is hard to define its spatial extent and temporal starting and ending points because of 
its latency (Wilhite, 2000). 
Drought can manifest in various ways (Wilhite et al., 2007; Wilhite and Glantz, 1985); 
meteorological drought occurs due to a lack of precipitation, and prolonged meteorological drought leads to 
the decrease of soil moisture content that triggers agricultural drought. Hydrologic drought occurs when 
streamflow, lake, and/or groundwater levels are significantly lower than normal. Factors triggering drought 
and factors affected by drought are interconnected through couplings and feedbacks in land-atmosphere 
processes (Rhee et al., 2015). Understanding these factors is very important not only because they can be used 
to monitor current condition of drought, but also they can be used to predict drought (Tadesse et al., 2005). 
Drought monitoring and prediction have received attention from policy makers because the results help their 
responses to drought events (Luo and Wood, 2007). Continuous efforts on drought monitoring and prediction 
are therefore essential for the sustainable management of water resources and various decision making 
processes in drought-related risk management (Gao et al., 2014; Zhang et al., 2013). 
Drought has been monitored using various drought indices that provide information such as moisture 
supply conditions and quantitative severity of drought (Alley, 1984; Quiring and Papakryiakou, 2003). Drought 
monitoring using indices can contribute to various decision making processes and the development of drought 
early warning systems (Lohani and Loganathan, 1997; Quiring and Papakryiakou, 2003). Thus, development 
of effective drought indices that reflect various environmental characteristics by climate region is important. 
There are many drought indices developed using in situ precipitation data, such as Standardized Precipitation 
Index (SPI; McKee et al., 1995), Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano 
et al., 2010), Palmer Drought Severity Index (PDSI) and Moisture Anomaly Index (Z-index; Palmer, 1965), 
and China-Z index (CZI; Wu et al., 2001) to name a few. They generally provide drought condition information 
using data measured at each weather station. The SPI was recommended as a standard worldwide 
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meteorological drought index at the 2009 World Meteorological Organization (WMO) meeting (Wardlow et 
al., 2012). However, these indices are point-based and limited in covering vast areas to show the spatial 
distribution of drought. Spatial interpolation is required to estimate spatial distribution of drought from station-
based data, which often produces high uncertainty in interpolated areas (Brown et al., 2008; Swain et al., 2011). 
Drought assessment and monitoring using satellite remote sensing can be effective, as satellite data cover large 
areas at high temporal resolutions (e.g., daily) (Swain et al., 2011). Since satellite remote sensing has been 
used to provide drought-related products such as Land Surface Temperature (LST), Normalized Difference 
Vegetation Index (NDVI), and evapotranspiration (ET), it is possible to monitor drought using not only in situ 
measurements at weather stations but also satellite-based drought factors (Anderson et al., 2011). 
There is no single indicator that can fully explain the complexity and diversity of drought because 
drought is caused by a multitude of factors. Blending various indices is thus useful to monitor drought (Hayes 
et al., 2005; Mizzell, 2008; Wardlow et al., 2012). The blending approaches started in the 1990s (Heim Jr., 
2002) and many blended hybrid indices have been developed. Vegetation Health Index (VHI; Kogan, 1995) 
and Soil Wetness Deficit Index (SWDI; Keshavarz et al., 2014) were developed using LST and NDVI from 
Moderate Resolution Imaging Spectroradiometer (MODIS). VHI is calculated as a weighted combination of 
scaled NDVI and LST has been widely used as it provides information of drought conditions compared to the 
historical range (minimum and maximum) of input data in a given period (Kogan, 1995; Quiring and Ganesh, 
2010; Tadesse et al., 2005). SWDI was developed using Soil Wetness Index (SWI) that uses a triangle space 
concept of hot and cold edges between NDVI and LST (Keshavarz et al., 2014). Microwave Integrated Drought 
Index (MIDI; Zhang and Jia, 2013) was developed using precipitation from Tropical Rainfall Measuring 
Mission (TRMM) and soil moisture and LST from Advanced Microwave Scanning Radiometer for EOS 
(AMSR-E) to monitor meteorological drought. Rhee et al. (2010) developed Scaled Drought Condition Index 
(SDCI) to monitor agricultural drought using LST, NDVI from MODIS and precipitation from TRMM through 
linear combination of the products. Some drought indices use not only satellite data but also climate, 
biophysical and oceanic data to more accurately monitor drought: Vegetation Drought Response Index 
(VegDRI; Brown et al., 2008), Vegetation Outlook (VegOut; Tadesse et al., 2010), North American Drought 
Monitor (NADM; Lawrimore et al., 2002) and U.S. Drought Monitor (USDM; Svoboda et al., 2002). However, 
it is hard to apply these approaches to any region because many regions have limited data availability. 
Therefore, drought indices that can effectively assess and monitor drought conditions for different climate 
regions should be developed through blending satellite-based drought factors and parameters. When 
combining multiple variables, it is crucial to decide what weighting scheme to use. Equal weighting and linear 
combination approaches have been commonly used because of their simplicity (Kogan, 1995; Rhee et al., 
2010; Zhang and Jia, 2013). However, as various factors affect drought differently by region, time, and drought 
type, more advanced and adaptive weighting approaches should be examined for blending multiple factors to 
better monitor drought.  
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In this study, meteorological and agricultural drought was investigated using seven types of satellite-
derived drought factors from 2000 to 2012, including LST, NDVI, Normalized Difference Drought Index 
(NDDI; Gu et al., 2007), Normalized Multi‐band Drought Index (NMDI; Wang and Qu, 2007), Normalized 
Difference Water Index (NDWI; Gao, 1996), and actual ET from MODIS and precipitation data from TRMM. 
LST, precipitation, and water-related indices are closely related to meteorological drought, while vegetation-
related indices, ET, and soil moisture are more related to agricultural drought (Lambert et al., 2013; Long et 
al., 2013). In particular, ET is highly related with drought conditions because it reflects energy and water 
exchanges among vegetation, soil, and atmosphere, and considers the characteristics of soil moisture (Allen et 
al., 2011; Cooke et al., 2012; Rhee et al., 2015). Since those satellite-derived (i.e., MODIS and TRMM) drought 
factors provide global data (50N-50S), they can be applied to any region which has limited in situ data 
availability. 
This study aims at investigating various satellite-derived drought factors to determine how 
effectively they can be used to monitor meteorological and agricultural drought in different climate regions. 
The objectives of this research were to 1) predict drought conditions based on the sixteen drought factors using 
machine learning approaches, 2) identify the relative importance of the drought factors, which varies by region, 
time, and drought type, 3) explore the feasibility of the development of optimum drought indicators by drought 
type and climate region, and 4) compare the spatial distribution of satellite-based drought indicators with 
corresponding USDM drought maps. Multi-time scale SPI (1-month to 12-month) and crop yield (corn and 
soybean) were used as reference data that represent drought conditions. SPI has been used to represent 
meteorological drought, which can monitor drought up to 72-month broad time scale and recognize moisture 
deficiency more rapidly than PDSI (Alley, 1984; Edwards, 1997; Shahabfar and Eitzinger, 2013). Crop yield 
was used as a surrogate variable representing agricultural drought conditions (Handler, 1990; Lobell et al., 
2014; Quiring and Papakryiakou, 2003; Yagci et al., 2015). Three rule-based machine learning approaches—
random forest, boosted regression trees, and Cubist—were used to predict drought conditions. 
2.2 Study area and data 
2.2.1 Study area 
Two different climate regions—arid and humid regions—were selected for this study. These two 
regions have different characteristics in terms of land surface and climate factors such as land cover, 
precipitation, temperature, and the frequency of drought. While the arid region includes 48 counties of Arizona 
and New Mexico (Fig. 2.1a), the humid region includes 146 counties of North and South Carolina (Fig. 2.1b). 
The annual precipitation of the arid region is 323mm. Due to the low amount of precipitation, agricultural 
lands in the arid region are very limited and less than 4 percent of the area is under cultivation. Major cultivated 
agricultural crops are corn, cotton, lettuce, pecan, and hay (USDA, 2014). On the other hand, the humid region 
has high average annual precipitation up to 1,105mm and rich soil ideal for cultivation. Major crops include 
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soybean, corn, cotton, tobacco, and wheat (USDA, 2014). 
 
Figure 2.1 Study area includes the arid region of Arizona and New Mexico (left) and the humid region of 
North Carolina and South Carolina. There are 48 counties in the arid region and 146 counties in the humid 
region. 
 
2.2.2 Remote sensing data 
MODIS data 
Drought factors were obtained from MODIS on the Terra platform, launched in December 1999. 
MODIS provides a multitude of environmental and biophysical products, which are available at reverb echo 
(http://reverb.echo.nasa.gov/reverb/). MODIS ET was obtained from Numerical Terradynamic Simulation 
Group (NTSG) of University of Montana. Monthly data from 2000 to 2012 in growing season (May to 
September) were used. The monthly MOD16A2 ET and MOD13A3 NDVI with 1km spatial resolution were 
used. Since the MOD11A2 LST with 1km spatial resolution and the MOD09A1 surface reflectance with 500m 
spatial resolution were obtained as 8-day composite data, they were converted into monthly information 
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considering the number of days used in the composite data. Using MODIS surface reflectance variables, 
NDVI500 (at 500m resolution), NDWI, NDMI, and NDDI were obtained (Table 2.1). To calculate NDWI, 
each of Shortwave Infrared (SWIR) bands 5, 6 and 7 was used (i.e., NDWI5, NDWI6, and NDWI7).  
 
Table 2.1 Remote sensing based drought factors and their formula. 
Drought factors Formula 
NDVI 500  (ρband2-ρband1)/( ρband2-ρband1) 
NDWI5,6&7  (ρband2-ρband5(or 6 or 7)))/(ρband2+ρband5 (or 6 or 7))) 
NMDI  (ρband2-(ρband6-ρband7))/(ρband2+(ρband6-ρband7)) 
NDDI5,6&7  (NDVI – NDWI)/(NDVI+NDWI) 
Scaled LST (LSTmax-LST)/(LSTmax-LSTmin) 
Scaled ET (ET-ETmin)/(ETmax-ETmin) 
Scaled NDVI (NDVI-NDVImin)/(NDVImax-NDVImin) 
Scaled NMDI 
(NMDImax-NMDI)/(NMDImax-NMDImin) ; arid region 
(NMDI-NMDImin)/(NMDImax-NMDImin) ; humid region 
Scaled NDWI (NDWI-NDWImin)/(NDWImax-NDWImin) 
Scaled NDDI (NDDImax-NDDI)/(NDDImax-NDDImin) 
Scaled TRMM (TRMM-TRMMmin)/(TRMMmax-TRMMmin) 
 
TRMM rainfall data 
TRMM provides rainfall data with 0.25 degree resolution. In this paper, the 3B43 monthly product 
from TRMM and other source data between 2000 and 2012 were obtained from Goddard Earth Sciences Data 
and Information Center (GES DIC; http://mirador.gsfc.nasa.gov/). Data are provided as a precipitation rate 
with mm/hr and converted into inch/month. In addition, 1-, 3-, 6-, 9-, and 12-month time-scale accumulated 
TRMM data were used to consider the lagged responses between precipitation and drought. 
A total of 16 variables—LST, ET, NDVI, NDVI500, NDMI, NDWI5-7, NDDI5-7, and TRMM1-
12—were used as input variables. The remote sensing images were re-projected to the Universal Transverse 
Mercator Coordinate System. The data of each month from 2000 to 2012 were scaled using max-min scaling 
(from 0 to 1) by considering the potential maximum and minimum values of the ecosystem at each pixel during 
the given period (Kogan, 1995). The formula for scaling (Table 1) were established by the correlation result 
between variables and SPI from Rhee et al. (2010). Scaled values of 0 represent the driest condition, while 
values of 1 represent the wettest. Since LST and NDDI showed negative correlation with SPI in both arid and 
humid regions and NMDI showed negative correlation in the arid region, the inverse was applied accordingly. 
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Randomly selected 80% of the samples were used as training data and the remaining 20% were used for 
validation. 
2.2.3 Reference data 
Standardized Precipitation Index (SPI) 
SPI was used as reference data for monitoring meteorological drought. Monthly total precipitation 
from 1975 to 2012 for 54 stations (28 stations in the arid region and 26 stations in the humid region)(Fig. 1) 
excluding Global Historical Climatology Network (GHCN) stations were obtained from National Climate Data 
Center (NCDC; http://www.ncdc.noaa.gov/) because GHCN data is used as input of TRMM (Adler et al., 
2003; Rhee et al., 2010). Growing season (May to September) SPIs from 2000 to 2012 were calculated based 
on the monthly total precipitation. SPI was calculated using a SPI program provided by National Drought 
Monitoring Center of the University of Nebraska Lincoln (NDMC; 
http://drought.unl.edu/MonitoringTools/DownloadableSPIProgram.aspx). To consider lag time effect between 
precipitation and drought, different time scales (i.e., from short term to long term scales) of SPI (accumulated 
1-, 3-, 6-, 9- and 12- month SPI data) were used.  
Crop yield data 
Crop yield data from 2000 to 2012 of each county in the humid and arid regions were obtained from 
the National Agricultural Statistics Service (NASS; http://www.nass.gov) of United States Department of 
Agriculture (USDA). Total crop yield data from survey data were used. Corn yield data were used for the arid 
region, while corn and soybean yield data were used for the humid region to validate the performance of 
drought factors to assess agricultural drought. Corn is planted around April, and harvest begins around 
September. Soybean planting begins in mid-May and harvest runs from November. Irrigation information was 
identified from 2012 census of agriculture (http://www.agcensus.usda.gov). The arid region including Arizona 
and New Mexico shows a very high irrigation rate (> 94 %), while the humid and temperate regions show a 
relatively low irrigation rate (< 50%) (Table 2.2). Especially, the irrigation rate of North and South Carolina 
(i.e., the humid region in the present study) area is under 10%. Therefore, in this study, the arid and humid 
regions were considered as irrigated and non-irrigated regions, respectively. Fig. 2.1 summarizes counties that 











Table 2.2 Irrigation rates (%) in arid, humid and temperate regions. 
 
2.3 Methods 
2.3.1 Machine learning approaches 
Many statistical methods such as simple and multiple linear regressions have been used to analyze 
the relationship between drought-related factors and drought conditions (Narasimhan and Srinivasan, 2005; 
Rhee et al., 2010; Zhang and Jia, 2013). However, it is hard to derive the relationships between a lot of drought-
related factors and drought conditions only using linear regression due to their complexity. In this study, three 
rule-based machine learning approaches—random forest (RF), boosted regression trees (BRT), and Cubist—
which have proved to be robust and flexible for many regression applications were employed to examine the 
relationship between drought factors and drought conditions (i.e., SPI and crop yield), and to identify the 
relative importance of the variables to develop drought indicators. The three approaches are summarized in the 
following sections. 
Random forest (RF) 
RF is based on classification and regression trees (CART; Breiman, 2001) and produces numerous 
independent trees to reach a final decision through two randomization approaches to the selection of training 
samples and the selection of variables at each node of a tree. This randomness alleviates typical drawbacks of 
CART such as an overfitting problem and sensitivity to the training sample configuration (Breiman, 2001). 
Using out-of-bag (OOB) data from random selection, RF provides internal cross-validation and relative 
importance of a variable when samples are held in OOB (Kim et al., 2014; Long et al., 2013; Maxwell et al., 
2014; Stumpf and Kerle, 2011). RF was implemented by R statistic software (http://www.r-project.org), 
through the random forest package with default settings except the number of trees as 1000 (Kim et al., 2015; 
Li et al., 2013; Rhee et al., 2014). 
Boosted regression trees (BRT) 
 State Irrigation rate (%) 
Arid region 
Arizona 94.64 






North Carolina 2.16 








Similar to RF, BRT is a CART-based ensemble approach. BRT improves the performance of a single 
CART model by fitting and combining many models. BRT combines the strengths of two algorithms—
regression trees and boosting. Especially boosting is used to improve performance by combining a multitude 
of models to find accurate prediction rules (Elith et al., 2008). While BRT uses the entire training samples to 
compute the relative importance of variables, RF computes the relative importance of variables using OOB (Li 
et al., 2014). The relative importance of a variable is scaled from 0 to 100 and estimated by averaging the 
difference of mean square error (MSE) calculated between before and after permuting a variable at each tree 
(Froeschke and Froeschke, 2011; Friedman, 2001). 
Cubist 
Cubist (RuleQuest, 2012), a commercial rule-based machine learning software tool that adopts a 
modified regression tree, has been used for various drought studies (Brown et al., 2008; Tadesse et al., 2010). 
Since Cubist produces rules and their associated multivariate regression equations to estimate target values, 
the result is more interpretable than RF and BRT (Kim et al., 2014; Riggins et al., 2009). As Cubist is not 
mutually exclusive, final estimation of a target is averaged when multiple rules are applied. Cubist provides 
information about the variable usage in rules and multivariate regression, which can be used to examine the 
relative importance of variables (Kuhn et al., 2012). 
Comparison of model performance 
 A total of sixteen drought-related factors and 1-, 3-, 6-, 9- and 12-month SPIs were used as 
independent and dependent variables in the machine learning models, respectively. This modeling scheme was 
applied to each of the arid, humid, and combined regions. The performance of each machine learning model 
was evaluated using the coefficient of determination (R2) measuring the fitness between actual and predicted 
values and Root-Mean-Square Error (RMSE) which means sample standard deviation calculated by measuring 
the difference between actual and predicted values.   
2.3.2 Analyses of the variables for drought monitoring 
The relative importance of sixteen drought factors for meteorological drought (1-, 3-, 6-, 9- and 12-
month SPIs) was identified using three machine learning approaches in the arid, humid and combined regions. 
As some factors are highly inter-related, a few factors—LST, ET, NDVI, NDWI, NMDI and TRMM 
precipitation—were selected as those with the highest relative importance of each group of similar factors for 
further analysis. The relative importance of the selected six factors for meteorological (i.e., uses SPIs as 
reference) and agricultural (i.e., uses crop yield as reference) drought was again identified using three machine 
learning approaches in the arid, humid, and combined regions. Drought maps were created using the relative 
importance of the factors as weights in both arid and humid regions. Spatial patterns of drought conditions 
were examined through a series of drought maps and their interannual variations were compared with USDM 




Figure 2.2 Flow chart of the processes used in this study. 
 
2.4 Results and discussion 
2.4.1 Monitoring meteorological drought 
RF among the three machine learning models showed the best performance with R2 > 0.9 and RMSE 
between 0.2 and 0.4. Both BRT and Cubist produced similar R2 (ranging from 0.3 to 0.6) and RMSE (ranging 
from 0.6 to 0.8) (Fig. 2.3). Fig. 4 shows the relationships between the actual 12-month SPI values and the 
predicted ones by RF, BRT and Cubist in the arid, humid and combined regions. The range of predicted 12-
month SPI from RF was similar with the range of 12-month SPI, while the range of predicted 12-month SPI 
from BRT and Cubist was much narrower than the range of 12-month SPI, which implies that RF was better 
trained than the other two. Compared to Cubist, RF uses an ensemble approach for preventing an overfitting 
problem (Prasad et al., 2006). 
Drought conditions of longer time scales (corresponding to 9- and 12-month SPIs) were better 
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modeled than shorter time scales by all three machine learning approaches (Fig. 2.3) because drought factors 
including vegetation indices tend to represent the effect of a long-term precipitation shortage (Gessner et al., 
2013; Nezlin et al., 2005). There is a reciprocal causal relationship between drought factors and SPI, especially 
for a long-term meteorological drought.  
The model performance of the machine learning approaches varied in the arid, humid, and combined 
regions (Fig. 2.3). All three machine learning approaches worked better for the arid region than the humid and 
combined regions to assess drought conditions (i.e., SPIs), as the drought factors representing environmental 
characteristics of the regions were more separable in the arid region in terms of SPIs. However, there was not 
a large difference in RF performance among the regions; the RF performed well in all three regions due to its 
strength from the randomness and ensemble.  
Validation was conducted using the remaining 20% of the samples (randomly selected 80% were 
used as training data). In addition, we also evaluated the models using year-based (i.e., at longer timescale) 
cross validation (i.e., 13-fold cross validation) as drought is a process dominated by relatively slow variations 
in precipitation and soil moisture. The RMSE of 13-fold cross validation was calculated by using 12-year data 
for training (calibration) and remaining 1-year data for test (validation) for 13 years (2000-2012). The 13-fold 
cross validation results (RMSE ~ 0.84) were not significantly different, but slightly higher than the validation 
results (RMSE ~ 0.8) based on the split sampling, which implies that overfitting was not an issue for the split 
sampling. 
 
Figure 2.3 Model performance of three machine learning approaches (random forest, boosted regression trees 
and Cubist) for 1-, 3-, 6-, 9-, and 12-month SPIs in the arid, humid, and combined regions. 
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Figure 2.4 Scatter plots between predicted SPI12 based on random forest, boosted regression trees and Cubist 
and in situ SPI12 in the arid (a-c), humid (d-f), and combined regions (g-i). 
 
Importance 
While RF provides the relative importance of variables using the increased percentage of mean squared 
error (MSE) when each variable is held in OOB, the relative importance of variables is given by BRT as the 
frequency of variables selected for splitting. Cubist provides variable usage information in rules and associated 
multivariate regression models, which can be used as the relative importance of variables. The relative 
importance of variables indicates which variables (i.e., drought factors) are more important for estimating SPI 
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(i.e., meteorological drought) at different time scales in each region. Since each machine learning approach 
identified relative variable importance in its own way, the important variables identified by approach were 
slightly different. Except for the large importance of TRMM variables which are highly related to SPI because 
SPI is calculated based on precipitation, the relative importance of the other variables varied by approach 
(Tables 2.3 and 2.4). The variable importance by RF and BRT was similar (Table 2.3) due to the similarity of 
the methods for determining relative variable importance. On the other hand, Cubist provided variable usage 
information, which was not easy to directly compare with variable importance by RF and BRT.  
Tables 2.3 and 2.4 summarize relative importance of the sixteen drought factors for different time 
scales (i.e., from 1-month to 12-month SPI) when using RF, BRT and Cubist in the arid (Tables 2.3a and 2.4a), 
humid (Tables 2.3b and 2.4b), and combined (Tables 2.3c and 2.4c) regions. The relative importance of LST 
and ET decreased with the increasing time scale (Table 2.3 and Fig. 2.5), implying that the surface conditions 
of LST and ET are more affected by short-term meteorological drought, consistent with the finding of Zhang 
and Jia (2013). Vegetation index-based variables such as NDVI, NDWI, NDDI, and NMDI showed increasing 
variable importance as the time scale increases with some variations (Tables 2.3 and 2.4). It implies that there 
is a time-lag relationship between drought and vegetation responses as discussed in Gessner et al. (2013) and 
Piao et al. (2003). Lagged responses of vegetation to drought depend on the characteristics of the region 
(Gessner et al., 2013). The vegetation index-based variables showed high relative importance for long-term 
meteorological drought (9- and 12-month SPI) in the arid region, while they appeared otherwise in the humid 
region. Vegetation reacts to water deficits and adapts to limited water availability rapidly in the arid region 
during short-term droughts, the influence of meteorological drought only appeared for long time scales (more 
than six month) as discussed by Vicente-Serrano et al. (2013).  
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Table 2.3. The Relative importance (%) of the most important five drought factors among the sixteen variables 
for meteorological drought (SPI) using random forest (RF) and boosted regression trees (BRT) in the arid, 
humid and combined regions for 1-, 3-, 6-, 9-, and 12-month SPI.  
a) Arid region 
Rank 
Relative importance % (random forest and boosted regression trees) 










































































































b) Humid region 
Rank 
Relative importance % (random forest and boosted regression trees) 










































































































c) Combined region 
Rank 
Relative importance % (random forest and boosted regression trees) 











































































































Table 2.4. The variable usage information in conditions and models (%) of the most important five drought 
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factors among the sixteen variables for meteorological drought (SPI) using Cubist in the arid, humid and 
combined regions for 1-, 3-, 6-, 9-, and 12-month SPI. 
a) Arid region 
Rank 
Cubist (usage in conditions and models, %) 












































































b) Humid region 
Rank 
Cubist (usage in conditions and models, %) 










































































c) Combined region 
Rank 
Cubist (usage in conditions and models, %) 



























































































Fig. 2.5 shows the variations of the relative importance of the sixteen drought factors in the combined 
region based on RF with multiple time scales of meteorological drought (i.e., 1-, 6-, and 12-month SPI). A lack 
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of precipitation is instantaneously connected to surface conditions with increasing LST and decreasing ET. It 
can trigger the loss of water content in soil, decreasing soil moisture for a long period that harms the growth 
of vegetation (Rhee et al., 2015). TRMM precipitation-derived variables are highly related to meteorological 
drought that results from a lack of precipitation. The relative importance of TRMM1 precipitation was the 
highest for 1-month SPI and decreased with increasing time scales of SPI consistent with Zhang and Jia (2013). 
The relative importance of TRMM6 precipitation had a peak for 6-month SPI. TRMM12 precipitation was 
also the most important variable for 12-month SPI. In estimating SPI, the TRMM precipitation with the same 
time scale was the most suitable. 
 
Figure 2.5 The relative importance (%) of the sixteen drought factors using random forest for 1-, 6-, and 12-
month SPI.  
 
Since some variables among the sixteen drought factors are inter-related, redundant variables are better 
to be avoided when developing optimum drought indicators through blending of the variables. All three 
MODIS SWIR channels (i.e., bands 5, 6, and 7) were used to calculate NDWI and NDDI (Table 2.1). While 
NDWI6 and NDWI7 were generally more important than NDWI5, NDDI6 was more important than NDDI5 
and NDDI7 (Tables 2.3 & 2.4 and Fig. 2.5). Thus, NDWI6 and NDDI6 were selected as representative NDWI 
and NDDI to monitor drought, respectively. Similarly, NDVI (1km) product was selected to represent NDVI 
(Tables 2.3 & 2.4 and Fig. 2.5). Since NDDI was calculated using NDWI and NDVI (Table 2.1) and the relative 
importance of NDDI was lower than NDWI and NDVI (Fig. 2.5), NDDI was excluded. Finally six variables, 
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LST, NDVI, NDWI, NMDI, ET, and TRMM were selected to develop drought indicators for monitoring both 
meteorological and agricultural drought.  
Table 2.5 presents the scaled relative importance of the selected six variables for meteorological 
drought using RF that produced the best performance among three machine learning models. The selected six 
drought factors show similar patterns of relative importance with Tables 2.3 and 2.4. The relative importance 
of vegetation-related drought factors had a peak for 3-month SPI. The relative importance of vegetation-related 
drought factors in the arid region was higher than in the humid region for each time scale, while the relative 
importance of LST and TRMM in the humid region was higher than in the arid region for each time scale.  
Table 2.5. The scaled relative importance of the selected six variables for 1-, 3-, 6-, 9-, and 12-month SPI and 
model performance (R2 and RMSE) in the arid (A), humid (H) and combined (C) regions. The sum of the 




SPI 1 SPI 3 SPI 6 SPI 9 SPI 12 
 C A H C A H C A H C A H C A H 
LST 0.17 0.13 0.21 0.14 0.14 0.16 0.12 0.12 0.14 0.10 0.12 0.12 0.08 0.06 0.08 
NDVI 0.12 0.14 0.06 0.16 0.16 0.10 0.11 0.13 0.04 0.12 0.15 0.07 0.13 0.13 0.10 
NDWI 0.12 0.11 0.07 0.17 0.21 0.10 0.13 0.17 0.08 0.11 0.17 0.06 0.11 0.17 0.06 
NMDI 0.04 0.04 0.02 0.05 0.08 0.07 0.06 0.09 0.04 0.06 0.10 0.06 0.07 0.12 0.06 
ET 0.08 0.19 0.07 0.04 0.13 0.04 0.09 0.11 0.06 0.07 0.10 0.07 0.07 0.10 0.05 


































2.4.2 Monitoring agricultural drought 
To monitor agricultural drought, the relationships between the selected six variables and crop yield 
data (corn and soybean) were identified using RF. The impact of drought on corn and soybean can be serious, 
and the most affected crops by severe droughts during July 2012 in Indiana, USA were corn and soybean (more 
than 70%) (Mallya et al., 2013). The relative importance of drought factors for corn and soybean yield can be 
very useful to monitor agricultural drought. Table 2.6 presents the scaled relative importance of the six 
variables for crop yield with the R2, RMSE, and relative RMSE (rRMSE) values. The rRMSE divides RMSE 
by the average of crop yield in the arid (irrigated) and humid (non-irrigated) regions. Since the crop yield 
depends on the region and the type of crop, rRMSE can provide relatively unbiased error estimation. Based on 
R2 and rRMSE, the modeling result for corn yield in the arid region was better compared to the other cases 
(Table 2.6). In the arid region, NDVI was the most important variable for estimating corn yield, while LST 
was the most important variable for estimating corn and soybean yield in the humid region (Table 2.6). 
Whereas the TRMM variables showed higher relative importance than the other variables for meteorological 
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drought (Table 2.5), the most important variables for crop yield were NDVI (in the arid region) and LST (in 
the humid region). The results were consistent with Johnson (2014) that predicted corn and soybean yield using 
MODIS LST and NDVI.  
 
Table 2.6 The scaled relative importance of the selected six variables for corn and soybean in the arid 
(irrigated) and humid (non-irrigated) regions and model performance (R2, RMSE and rRMSE). The sum of the 
relative importance is 1. 
Drought factors 
Target feature 
Arid (Irrigated) Humid (Non-irrigated) 
 Corn Corn Soybean 
LST 0.15 0.29 0.29 
NDVI 0.22 0.07 0.13 
NDWI 0.05 0.11 0.07 
NMDI 0.22 0.29 0.16 
ET 0.20 0.11 0.15 














The relationships between crop yield and SPIs (from 1-month to 12-month) were also examined, and 
the relative importance of SPIs for estimating crop yield was identified using RF (Fig. 2.6 for the humid (non-
irrigated) region). Unlike our expectation that long-term meteorological drought (9- and 12-month SPI) would 
be more highly related to crop yield, 3-month SPI (19.59%) showed the highest relative importance for 
estimating crop yield (Fig. 2.6). Mallya et al. (2013) used short term (1-month SPI) for monitoring Midwest 
drought in the United States to analyze its agricultural and socioeconomic impact. Quiring and Ganesh (2010) 
demonstrated that 6-month SPI had a significant relationship with vegetation condition indices, showing that 
between 1- and 6-month SPIs were more important to agricultural drought than SPIs with longer time scales.  
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Figure 2.6 The relative importance (%) of SPIs with 1- to 12-month time scales using random forest for 
estimating crop yield and Pearson’s correlation coefficients between each SPI and crop yield in the non-
irrigated region (humid region). 
The relationship between crop yield and remote sensing-derived factors varied with the crop phenology. 
For both corn and soybean, remote sensing-based factors two- to three-month before harvesting produced the 
highest correlation with crop yield (August and September for soybean and July for corn), which implies that 
flowering season is the most important period that determines crop yield. The scaled relative importance values 
of the six variables for corn and soybean in the arid and humid regions (Table 2.6) were used as weights, and 
the weighted combinations of the six variables were calculated and used as drought indicators to monitor 
agricultural drought.  
2.4.3 Comparison with USDM maps 
The spatial distribution of drought conditions was mapped over the arid and humid regions based on RF-
derived weights of the selected six drought factors. Two types of drought maps were created: one type of maps 
shows the distribution of meteorological drought conditions based on the scaled relative importance of the six 
drought factors for estimated 3-month SPI (Table 2.5). 3-month SPI was used because it showed the highest 
correlation with agricultural drought (crop yield) (Fig. 2.6). The other type of maps presents the distribution 
of agricultural drought (crop yield) conditions estimated using the scaled relative importance of the six drought 
factors for estimating crop yield in the arid (irrigated) and humid (non-irrigated) regions (Table 2.6). Averaged 
weights from the results of corn and soybean yield were used for the humid region.  
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The spatial distribution of drought conditions were compared to 2000-2012 USDM maps that integrated 
PDSI, SPI, soil moisture, and satellite-based VHI (Svoboda et al., 2002). Since drought factors used in this 
study are based on global remote sensing data (e.g., MODIS and TRMM) which covers from 50S to 50N, the 
proposed approach can be applied to any vegetated region in the world. Figs. 2.7 and 2.8 show drought maps 
based on the six drought factors on May and September except for rainy season (June, July, and August) from 
2000 to 2012 in the arid and humid regions, respectively.  
In the arid region, spatial pattern of the two types of remote sensing based drought maps (3-month SPI 
and crop yield) and USDM maps were similar in most cases except 2001, 2008, 2009, and 2010 (Fig. 2.7). 
During the two years of 2001 and 2010, two remote sensing based maps present the drought status more 
severely compared to the USDM maps. Since the drought factors were scaled using the maximum and 
minimum values for the 13 years to represent relative conditions of drought for the given period, the difference 
of the base period between remote sensing based maps and USDM maps as well as the difference of input data 
may have caused the differences. Two remote sensing based maps (3-month SPI and crop yield) agreed each 
other with minor differences in 2007 and 2011 (Fig. 2.7).  
In the humid region, two types of remote sensing-based maps caught well the most extreme drought 
in 2002 and 2007 (Fig. 2.8). The spatial distributions of drought in 2002, 2005, and 2007-2011 were rather 
consistent with the USDM maps, while the spatial distributions of drought in 2000, 2003-2004 and 2006 were 
quite different from the USDM maps (Fig. 2.8) with estimating more severe drought status. Both types of 
remote sensing based drought maps (3-month SPI and crop yield) showed similar spatial distributions of 
drought with minor differences in 2001, 2005, 2008, 2010, and 2011 (Fig. 2.8). Compared to the estimated 3-
month SPI maps, the estimated crop yield maps resulted in more similar spatial distributions with the USDM 
maps in 2001, 2003-2006, and 2010-2011 (Fig. 2.8); it is possibly because that the estimation of SPI is 
dominantly affected by precipitation while the estimation of crop yield is affected by many other factors 
including vegetation indices and temperature. 
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Figure 2.7 Year-to-year change between two types of remote sensing based drought maps (3-month SPI and 
crop yield) and USDM maps in the arid region for May from 2000 to 2012. 
 
Figure 2.8 Year-to-year change between two types of remote sensing based drought maps (3-month SPI and 
crop yield) and USDM maps in the humid region for September from 2000 to 2012. 
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Validation 
Weight factors for the selected six variables (LST, NDVI, NDWI, NMDI, ET, and TRMM3) were 
determined by relative importance using RF. The relative importance of the variables was identified using 
thirteen-year data (2000-2012). Those weight factors were applied to 2013 and 2014 data and the results were 
compared with USDM (Fig. 2.9). In the arid region, both types of remote sensing-based maps matched well 
extreme drought in 2013 and 2014 when compared to the USMD data (Fig. 2.9). The estimated crop yield 
maps showed a bit more similar spatial distribution of drought with USDM compared to the three-month SPI 
maps (Fig. 2.9). In the humid region, both types of remote sensing based drought maps estimated the drought 
status more severely as in Fig 8, while the distribution of drought in 2014 was consistent with the USDM map 
(Fig. 2.9). Similar to the arid region, the estimated crop yield maps showed more similar drought status with 
the USDM data than the 3-month SPI maps did (Fig. 2.9). Thus, the proposed weights for the factors based on 
the importance are considered reasonable and can be used to monitor drought effectively.   
 




In this study, sixteen drought factors were analyzed using three machine learning approaches 
targeting a meteorological drought index (SPI) and an agricultural drought index (crop yield). The 
characteristics of drought factors for meteorological and agricultural drought were examined using relative 
importance of variables derived from the machine learning approaches. Among the three machine learning 
methods, RF outperformed the other approaches and was used to select the most important six variables (LST, 
NDVI, NDWI, NMDI, ET, and TRMM) with the consideration of the inter-relation of the variables based on 
relative variable importance. The modeling results based on the relative importance of the six variables in 
terms of 3-month SPI and crop yield were shown in the maps to compare and validate spatial distributions of 
drought to USDM maps. The crop yield based maps showed more consistent distributions with USDM maps 
compared to the 3-month SPI based maps. The approach proposed in this study can be applied to any vegetated 
region where remote sensing data are available even with limited in situ data availability. 
However, there are some limitations which should be improved in the future. Crop yield samples 
were limited due to the study area selection. In future study, agricultural drought modeling will be tested in 
regions with more dominant corn and soybean agriculture (i.e., the Midwest) and with different dominant crops 
(e.g., wheat) to more generalize parameterizations in the proposed approach. As the current thresholds (e.g., 
0.5 for normal condition) to determine drought conditions are arbitrary, specific standards and guidelines on 
thresholds should follow. Future research includes the incorporation of soil moisture and evapotranspiration 
into development of drought indicators, and the development of remote sensing-based optimized approaches 





3. Drought monitoring using high resolution soil moisture through multi-sensor 
satellite data fusion over the Korean peninsula 
 
3.1 Background 
Droughts occur almost every year, and drought-induced losses in the US are estimated to be 6-8 
billion dollars per year (Witt, 1997). Droughts are driven by an absence or deficiency of precipitation and their 
impact on the agricultural sector is crucial for the economy at local and country levels (IPCC, 2007; Park et 
al., 2016; Lessel et al., 2016; Ryu et al., 2014). Since it is difficult to define the spatial and temporal starting 
and ending points of droughts, unlike other disasters including typhoons and earthquakes (Park et al., 2016; 
Wilhite, 2000), drought monitoring and assessment at multiple time scales with high resolution are essential 
for drought mitigation. In particular, high-resolution soil moisture data are necessary to identify and assess the 
geographical extent of drought and to monitor flash drought (Otkin et al., 2016). This provides decision makers 
with accurate information of drought conditions especially for agricultural uses (Zipper et al., 2014; Luo and 
Wood, 2007; Tadesse et al., 2005). Droughts are broadly categorized as meteorological, agricultural, 
hydrological, and socioeconomic droughts (Heim, 2002; Wilhite et al., 2007). Meteorological droughts occur 
due to lack of precipitation, and perennial meteorological droughts cause soil moisture reduction which triggers 
agricultural droughts that lead to a decrease of crop yields caused by the lag time responding to insufficient 
precipitation (Park et al., 2016; Potop et al., 2012; Park et al., 2005). Hydrological droughts refer to low stream 
flows and reservoir levels as well as a deficiency of water supply when compared to normal conditions. Thus, 
hydrological droughts have an even longer lag time in response to meteorological conditions, which act more 
slowly than meteorological and agricultural droughts (Choi et al., 2013; Logan et al., 2010). Socioeconomic 
droughts are driven by an insufficient supply to satisfy societal water demands along with the above three 
drought forms (Zhang et al., 2013).  
Soil moisture is a key factor in drought monitoring because of its relationship with precipitation, 
evapotranspiration (ET), and crop yield (Zhu et al., 2017; AghaKouchak et al., 2015; Fleisher et al., 2015; 
Bolten et al., 2010), which are crucial information associated with droughts (Im et al., 2016; Choi et al., 2013; 
Hogg et al., 2013). Soil moisture is essential for understanding the interaction between the Earth’s surface and 
atmosphere as well as the hydrological cycle (Molero et al., 2016; Finn et al., 2011; Salvucci et al., 2002). Soil 
moisture interacts with many environmental variables such as land ET, albedo, land surface temperature (LST), 
and precipitation, which are key processes of the climate system (Im et al., 2016; Djamai et al., 2015; Dobriyal 
et al., 2012). Soil moisture highly influences plant growth, including agriculture and natural vegetation, as the 
dynamics of soil moisture determines water resources available in the agroecosystem (Gao et al., 2014; Hunt 
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et al., 2014; Dobriyal et al., 2012;).  
Soil moisture is generally obtained through in situ measurements which provide accurate readings 
with high temporal resolution. Soil moisture can be acquired from the International Soil Moisture Network 
(ISMN; http://www.ipf.tuwien.ac.at/insitu), which provides global in situ soil moisture data (Dorigo et al., 
2011). However, it is difficult to represent the spatial distribution of soil moisture from point-based 
measurements and the cost of field measurements is high (Grayson and Western, 1998; Zhu et al., 2017; Im et 
al., 2016). Remote sensing approaches, such as satellite passive and active microwave sensor data, provide 
spatiotemporally continuous soil moisture (top soil moisture, 3-5 cm). Soil moisture has been retrieved from 
many satellite instruments since the 1970s, including Scanning Multichannel Microwave Radiometer 
(SMMR), Advanced Microwave Scanning Radiometer on the Earth Observing System (AMSR-E), Soil 
Moisture and Ocean Salinity sensor (SMOS), the Advanced Scatterometer (ASCAT), and Soil Moisture Active 
Passive (SMAP) (Martínez-Fernández et al., 2015; Choi and Hur, 2012; Li et al., 2015; Champagne et al., 
2012; Yee et al., 2016; Mallick et al., 2009).  
Some drought indices have been developed through satellite-based soil moisture because drought is 
closely related with soil moisture and satellites provide spatiotemporally continuous soil moisture data. Hao et 
al. (2013) proposed the Multivariate Standardized Drought Index (MSDI). MSDI is produced by applying the 
copula function to the Standardized Precipitation Index (SPI) and Standardized Soil moisture Index (SSI) 
produced using 0.5 degree soil moisture and precipitation data acquired from National Oceanic and 
Atmospheric Administration (NOAA) National Weather Service (NWS) Climate Prediction Center (CPC). 
Global drought monitoring has been conducted using MSDI through the Global Integrated Drought Monitoring 
and Prediction System (GIDMaPS) from University of California (http://drought.eng.uci.edu/). The 
Microwave Integrated Drought Index (MIDI), which monitors meteorological drought in semiarid regions, 
was proposed by Zhang et al. (2013). MIDI is calculated by combining the normalized Tropical Rainfall 
Measuring Mission (TRMM) precipitation, normalized AMSR-E soil moisture, and normalized MODIS LST. 
MIDI showed the highest correlation with 1-month SPI, although the correlation decreased as the time scale 
of SPI increased. The U.S. Drought Monitor (USDM; Svoboda et al., 2002) is based on six key physical 
indicators including soil moisture and supplementary indicators (e.g., the Palmer Crop Moisture Index (CMI; 
Palmer, 1968) and the Keetch Bryam Drought Index (KBDI; Keetch and Byram, 1968)). USDM is a well-
developed drought index which can detect meteorological, agricultural, and hydrological droughts (Svoboda 
et al., 2002).  
Soil moisture based drought indices are very useful to monitor drought. However, it is difficult to 
monitor drought at a local or regional scale using global soil moisture data with a coarse spatial resolution (~10 
to 40 km) because even a pixel (~10 to 40 km) typically includes complex topography and heterogeneous land 
cover types (Werbylo et al., 2014). In addition, coarse resolution soil moisture data are not much useful for 
local or regional applications of agriculture and water resources since they do not provide detailed variations 
of soil moisture (Djamai et al., 2016). Although global soil moisture-based drought indices may provide useful 
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information for drought over vast areas, it is necessary to use high resolution soil moisture for identifying 
spatially detailed drought conditions and for making relevant decisions from the perspective of managers and 
decision makers. There are several downscaling approaches including DISaggregation based on Physical And 
Theoretical scale CHange (DISPATCH; Merlin et al., 2013), the smoothing filter-based intensity modulation 
(SFIM) downscaling technique (Parinussa et al., 2013), and machine learning approaches (Im et al., 2016). 
This study uses the soil moisture downscaling approach proposed by Im et al. (2016), which generated 1 km 
soil moisture using MODIS surface products (LST, ET, vegetation indices, and albedo) and TRMM 
precipitation through machine learning. 
The purpose of this study is to develop a drought index named the High resolution Soil Moisture 
Drought Index (HSMDI) using downscaled soil moisture through multi-sensor satellite data fusion for 
monitoring meteorological, agricultural, and hydrological droughts. The specific objectives of this study are 
to 1) downscale AMSR-E soil moisture based on six MODIS indicators and TRMM precipitation using 
machine learning, 2) validate the downscaled soil moisture using in situ data, 3) develop HSMDI by 
normalizing downscaled soil moisture for a given period, and 4) evaluate HSMDI through comparison with 
station-based multi-time scale SPI for meteorological drought, crop yield (i.e., sesame, highland radish, and 
napa cabbage) as reference data for agricultural drought, and streamflow data which represents hydrological 
drought conditions. Since the soil moisture downscaling in this study was conducted based on surface variables 
such as vegetation indices, LST, precipitation, albedo, and ET, this new drought index can contain various 
characteristics related to drought. 
 
3.2 Study area and data 
3.2.1 Study area 
The Korean Peninsula, including both North and South Korea (latitude 34°N to 43°N and longitude 
124.5°E to 131°E), was selected for this study (Figure 3.1). These two contiguous regions have slightly 
different climate characteristics by latitude. The annual mean temperature is about 10.7°C in North Korea and 
14.2°C in South Korea. North Korea, with an average annual precipitation of 596.3 mm is drier than South 
Korea (1196.4 mm). Most of the rain falls in summer during the Asian monsoon. The major land cover 
categories of the two combined regions are forest (57.4%) and croplands (35.1%) (Figure 3.1).  
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Figure 3.1. Study area with land cover, elevation, and in situ reference data locations. 
 
3.2.2 Satellite data 
AMSR-E soil moisture data 
The AMSR-E on the Aqua satellite, developed by the Japanese Aerospace Exploration Agency 
(JAXA), provides global soil moisture data derived from a land-surface radiative transfer model using 
microwave brightness temperature. There are many algorithms used to retrieve soil moisture data: NASA 
National Snow and Ice Data Center (NSIDC; Nijoku et al., 2003), JAXA (Koike et al., 2004), the United States 
Department of Agriculture (USDA; Jackson, 1993) and the Vrije Universiteit Amsterdam (VUA) in 
collaboration with NASA (VUA–NASA; Owe et al., 2001). In this study, the X-band AMSR-E JAXA Level3 
soil moisture (g/cm3) with daily ascending (13:30) overpass (0.25 degree resolution) was used from 2003 to 
2011 (March to November) because Korea has similar climate conditions with Japan and both are affected by 
westerlies. The dataset was obtained from JAXA (https://gcom-w1.jaxa.jp/).  
 MODIS data 
MODIS onboard both Terra and Aqua provides numerous environmental and biophysical products 
that can be used in various applications. Six MODIS products—the 8-day LST (MYD11A2), 
evapotranspiration (ET; MOD16A2), albedo (MCD43B3), Leaf Area Index (LAI; MCD15A2), and 16-day 
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NDVI & EVI (MYD13A2)—with 1 km resolution were obtained from reverb echo 
(http://reverb.echo.nasa/gov//reverb/) and the Numerical Terradynamic Simulation Group (NTSG) at the 
University of Montana for the three tiles (h27v04, h27v05, h28v05) covering the study area. MODIS Aqua 
products having the same pass time (13:30) as AMSR-E were used to model soil moisture except for ET 
product which is only available from Terra. NDVI and EVI (16-day) were converted into 8-day data by simply 
averaging the data for two 16-day data. These 8-day six factors from 2003 to 2011 (March to November) were 
used to downscale soil moisture. 
 TRMM rainfall data 
TRMM, which launched in November 1997, provides rainfall data with a 0.25 degree spatial 
resolution. In this study, daily rainfall data (3B42) between 2003 and 2011 (March to November) were 
downloaded from the Goddard Earth Sciences Data & Information Center (GES DIC; 
http://mirador.gsfc.nasa.gov/). These daily rainfall data were converted into 8-day rainfall data through 
combining daily rainfall for 8 days.   
3.2.3 Observation data 
Ground soil moisture data were obtained from two Korean regional flux monitoring networks 
(KoFlux), Seolmacheon (SMC) and Cheongmicheon (CMC), for the period from March to November in 2010 
(drought year). KoFlux hourly soil moisture (m3/m3) at 10 cm depth data were obtained from the Hydrological 
Survey Center (http://www.hsc.re.kr/). The KoFlux data at 13:00 were used to validate the downscaled soil 
moisture and the AMSR-E soil moisture. Both the SMK site (126.95°E and 37.93°N) and the CMK site 
(126.65°E and 37.15°N) are located over a mixed forest (Figure 3.1). A total of 19 stations from SMC and 17 
stations from CMK were averaged. KoFlux soil moisture is measured using Time Domain Reflectometry 
(TDR), which is used all over the world to measure soil moisture through travel time analysis (Lin, 2003).  
Standardized Precipitation Index (SPI; Mckee et al., 1995) is a widely used meteorological drought 
index based on precipitation measurements at stations at a given time-scale (e.g., 1 month), using more than 
30 years of historical data. SPIs for March to November (2003-2011) were calculated using precipitation data 
measured at 29 stations located over vegetated areas from 1973 to 2011 which were obtained from the Korea 
Meteorological Administration (KMA; https://data.kma.go.kr/) (Figure 1). In this study, multi-scale SPIs—1-, 
3-, 6-, 9-, and 12-month SPIs—were used to consider the time lag effect between precipitation and drought.  
Crop yield data was used as reference data for evaluating HSMDI in terms of agricultural drought. 
This study used the yield data of sesame (2006-2011), and highland radish and highland napa cabbage (2007-
2011) for each administrative district. Yearly crop yield data were obtained from Statistics Korea (KOSTAT; 
http://kostat.go.kr/). Figure 3.1 shows the locations of the administrative districts. Sesame is planted mid-May 
and harvested at the end of August. Highland radish and cabbage are planted between May and June, and 
harvesting begins at the end of August.  
Streamflow was used as reference data for hydrological drought. Streamflow data measured at five 
hydrometric stations (Jangseong, Gwangju, Mareuk, Nampyeong, and Neungju), which are located near 
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agricultural regions and operated by the South Korean government were used (Figure 3.1). Monthly averaged 
streamflow data during the study period (from 2003 to 2011) was downloaded from the Korean Water Resource 
Management Information System (WAMIS; http://www.wamis.go.kr). Since the range of streamflow varies 
by month, each month would most likely have different mean and standard deviation values of streamflow. 
Therefore, it will be very difficult to compare streamflow for different months in terms of drought. Streamflow 
in each month from 2003 to 2011 was converted to normalized anomaly using the min-max scaling. A scaled 
value of one represents the maximum streamflow value of each month during those nine years, while a value 
of zero represents the minimum streamflow value of each month during the nine years. 
 
3.3 Methods 
A flowchart for producing HSMDI is shown in Figure 3.2. The process consists of two parts: 1) 
downscaling soil moisture using 1 km MODIS and TRMM variables through the random forest (RF) machine 
learning approach, and 2) developing HSMDI by scaling the downscaled soil moisture.  
 
Figure 3.2. Data processing flow diagram to develop the High resolution Soil Moisture Drought Index 
(HSMDI) based on a multi-sensor downscaling approach. 
 
3.3.1 Downscaling soil moisture 
In this study, the soil moisture downscaling approach proposed by Im et al. (2016) was used. Im et al. 
(2016) downscaled 25 km AMSR-E soil moisture to 1 km soil moisture using 1 km MODIS variables through 
machine learning approaches. Six MODIS variables (LST, NDVI, EVI, LAI, albedo, and ET) from 2003 to 
2011 were upscaled by averaging pixels to 25 km, which is the same resolution as AMSR-E soil moisture. The 
upscaled 25 km MODIS variables were extracted for the corresponding AMSR-E soil moisture grids and used 
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as training samples for developing downscaling models. Machine learning approaches—RF, Cubist, and 
Boosted Regression Trees (BRTs)—were used to model upscaled 25 km MODIS variables (independent 
variables) and AMSR-E soil moisture (the dependent variable). Six MODIS 1 km variables were applied to 
the developed machine learning models, and 1 km soil moisture was then produced. Im et al. (2016) showed 
the highest model prediction accuracy when using the RF approach, and the downscaled soil moisture showed 
overall good agreement with in-situ measurements, resulting in R2 of 0.52 and Relative Mean Square 
Difference (RMSD) of 0.09 m3/m3. In the present study, TRMM precipitation was added to the six MODIS 
variables and the RF method was used to model soil moisture (Figure 3.2). Three seasonal models (spring, 
summer, and autumn) were developed because Korea has four distinct seasons, and soil moisture has very high 
uncertainty when the surface is frozen or covered with snow in winter (Holmes et al., 2009). 
The RF is based on classification and regression trees (CART; Breiman, 2001), one of decision tree 
algorithms. Rule-based machine learning such as decision trees and RF has been widely used in remote sensing 
applications (Im et al., 2009; 2012; Jensen and Im, 2007; Kim et al., 2015; Li et al., 2013; Lu et al., 2014; Rhee 
et al., 2008; Torbick and Corbiere, 2015). The RF uses an ensemble approach from multiple decision trees 
(typically 500 to 1000) is used to make a decision for prediction. The name “random forest” refers to data 
prediction accomplished using many independent decision trees (a “forest”) through randomly selected 
training samples and variables at each node, which alleviates the well-known problems of CART such as 
overfitting and sensitivity to training data. A randomly selected subset of training samples is used to produce 
a tree. A final decision from multiple trees is made through the aggregation of individual tree results based on 
an averaging approach for regression or a majority voting for classification. RF calculates the increased 
percentage of mean square error (MSE) using out-of-bag (OOB) data when a variable is permuted with a 
random value (Ke et al., 2016; Kim et al., 2014; Rhee et al., 2014; Tang et al., 2015). Based on this information, 
the relative importance of a variable (i.e., contribution of the variable to predict a target variable) can be 
identified.  
3.3.2 High resolution Soil Moisture Drought Index (HSMDI) 
HSMDI was developed using the downscaled 1 km soil moisture data produced using MODIS and 
TRMM products and the random forest machine learning approach. An HSMDI is calculated through 
normalization using the maximum and minimum soil moisture values at each pixel (jth) from the same day of 
year (DOY), every 8-day, during the given period (2003-2011) using Eq.1. This scaling approach is based on 
McVicar and Jupp (1998), which refined the VCI proposed by Kogan (1995) to develop a monthly vegetation 
condition index (MVCI). A normalized soil moisture anomaly can consider potential minimum and maximum 
values of the ecosystem and express the status of observed values (Kogan 1995; McVicar and Jupp 1998; Rhee 
et al., 2010; Park et al., 2016). The HSMDI identifies areas which are drier (represented by 0) or wetter 
(represented by 1) than their usual condition. The HSMDI values below 0.5 were considered being in drought 
because 0.5 indicates the median status for 9 years. Although the proposed HSMDI is similar with soil 
moisture-based drought indices introduced by Zhang et al. (2013) and Sánchez et al. (2016), HSMDI provides 
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high resolution (1 km) soil moisture-based drought information integrated from various related surface 
variables.  
  HSMDIj,DOY = (SMj,DOY – SMmin,DOY)/ (SMmax,DOY – SMj,min)                     (3.1) 
This study aims to develop and validate the drought index, HSMDI, using meteorological, 
agricultural, and hydrological reference data based on observations. The relationships and the time series 
patterns between HSMDI and multi-timescale SPIs were analyzed for meteorological drought. The relationship 
between HSMDI and the yearly crop yield was examined using regression analysis for agricultural drought. 
Monthly HSMDI in the selected watersheds was also validated for hydrological drought using the scaled 
stream flow data. 
 
3.4 Results and Discussion 
3.4.1 Assessment of downscaled soil moisture in situ data 
Table 3.1 shows the results of the three seasonal downscaling models with calibration coefficient of 
determination (R2) and root-mean-squared-error (RMSE). The three seasonal models produced similar R2 
values (ranging from 0.91 to 0.95), RMSEs (ranging from 0.032 to 0.038 m3/m3), and slopes (ranging from 
0.60 to 0.67). In the spring and autumn models, LST (178%) and albedo (143%) appeared as more important 
variables, while ET (122%) as well as albedo (132%) and LST (131%) appeared as more contributing variables 
than the others in the summer model. Spring and autumn have similar meteorological characteristics in North 
and South Korea including mean seasonal precipitation and temperature. Thus, it is not surprising to have 
similar results from the spring and autumn models (Table 3.1). Since the seasonal characteristics are similar in 
spring and autumn, the two models showed the same high-ranked variables of importance (Table 3.1). The 
reason why LST and albedo showed higher variable importance among the seven variables is that they are the 
most important factors for surface energy flux; they are thus often used in studies to downscale soil moisture 
(Im et al., 2016; Choi et al., 2012; Kim and Hogue, 2012; Chauhan et al., 2003). High surface temperature and 
albedo result in a decrease of soil moisture (Im et al., 2016; Sugathan et al., 2014). ET (122%) was identified 
as an important variable by the summer model along with LST (131%) and albedo (132%). This is because 
summer has higher energy flux, higher temperatures, and more rainfall than the other seasons, which can lead 
to larger variations in soil moisture and evapotranspiration (Cleverly et al., 2013; Rosenbaum et al., 2012; 



















Important variables (%)* 
Spring 0.91 0.032 0.674 0.041 LST (178%), albedo (143%) 
Summer 0.95 0.038 0.601 0.068 
albedo (132%), LST (131%), 
ET (122%) 
Autumn 0.91 0.032 0.665 0.043 albedo (135%), LST (97%) 
*The value in the parenthesis means the increased percentage of mean square error (MSE) when the variable is perturbed by random 
forest. The larger the value, the more contributing the variable was. 
 
Since the AMSR-E, downscaled, and in-situ soil moisture data have different spatial 
representativeness, it is difficult to directly compare them. As in the study of Im et al. (2016), the satellite-
based soil moisture data were compared with in situ soil moisture by assuming that all points (i.e., locations) 
within each pixel have the same value. Table 3.2 and Figure 3.3 show the validation results of downscaled soil 
moisture with AMSR-E and in-situ soil moisture at the two flux towers (Cheongmi-cheon (CMK) and Seolma-
cheon (SMK)) from March to November 2010 (one of the driest years). The downscaled soil moisture was 
well correlated with the in-situ soil moisture, showing a mean R2 of 0.334 and mean RMSE of 0.06 m3/m3. The 
correlation and RMSE results from SMK are better than the results from CMK. This is because it is more 
difficult to estimate soil moisture as the soil property of the CMK (i.e., silty clay, sandy clay, clay loam, silty 
clay loam, silt loam, loam, silt, sandy loam, and sand), area is more heterogeneous than the soil property of 
SMK (i.e., sandy loam dominant) (HSC, 2011). The range of the downscaled soil moisture is closer to the 
range of the in-situ measurement than the AMSR-E soil moisture, showing a mean slope of 0.891 (Figure 3.3). 
Although the correlation coefficient between the downscaled soil moisture and in situ soil moisture is lower 
than that between the AMSR-E soil moisture and in situ soil moisture, the downscaled soil moisture shows a 
reasonable correlation coefficient for in situ soil moisture and the RMSE was also improved through 
downscaling. Despite 2010 is one of the driest years, AMSR-E soil moisture ranged from 10-40 %, while the 
downscaled soil moisture ranged from 10-25%, which shows a similar range with in situ soil moisture. The 
downscaled soil moisture also shows a strong correlation with the AMSR-E soil moisture, with a mean R2 of 
0.612. Since the downscaled soil moisture was well correlated with both the in-situ and AMSR-E soil moisture, 
it can therefore be considered that the downscaled soil moisture is reasonably represented at the spatial scale 
of 1 km.   
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Table 3.2. Validation of the downscaled soil moisture with the AMSR-E soil moisture and in-situ soil moisture 
from March to November 2010. 








Downscaled SM (1 km) vs In-situ SM 0.11 0.088 0.611 1.933 
AMSR-E SM (25 km) vs In-situ SM 0.24 0.100 1.246 -14.89 
Downscaled SM (1 km) vs AMSR-E SM (25 km) 0.44 0.049 0.497 8.191 








Downscaled SM (1 km) vs In-situ SM 0.56 0.040 1.171 -0.102 
AMSR-E SM (25 km) vs In-situ SM 0.56 0.158 3.268 -17.59 




Figure 3.3. Scatterplots between in situ and satellite-derived soil moisture (p < 0.05) at two flux sites (CMK 
and SMK).  
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3.4.2 Monitoring meteorological drought 
HSMDI was validated using the 1-, 3-, 6-, 9-, and 12-month SPIs for meteorological drought which 
were calculated using precipitation data measured at the weather stations located within vegetation areas. 
Figure 4 shows the correlation coefficient values between HSMDI and the multi-scale SPIs at 29 stations 
located over vegetated areas (refer to Figure 3.1) from April to October along with monthly precipitation on 
the right axis (mm/month). Spring generally begins in March and ends in May in Korea, and drought often 
occurs in spring due to the limited amount of rainfall. Summer is from June to August, which is monsoon 
season, and most of the rain falls during the summer monsoon in Korea. Autumn begins in September and ends 
in November, and the amount of rainfall is similar to spring. The temperature increases from March onwards, 
reaches its highest in July and August, and decreases from August until February of the following year. Most 
of the main crops are planted in mid-April and harvested during September and October. 
HSMDI shows relatively high correlation coefficients with 1-month and 3-month SPIs among the 
five different timescales of SPIs (Figure 3.4). This is because top soil moisture (< 10 cm) is more sensitive to 
the cumulative amount of rainfall for a shorter term timescale (e.g., 1 and 3 months) (Zhang et al., 2013). We 
also examined the correlation coefficients between HSMDIs and 1-/3-month SPIs that were calculated with 
different time lags (1-2 months) because of known 1- to 3-month time lag effect between meteorological 
drought and soil moisture drought (AghaKouchak, 2014). However, such time lag effect was not clearly 
identified in the results. One possible reason is that many of the 29 ground stations are located over mixed land 
covers (i.e., vegetation + impervious built-up areas) within the 1 km spatial domain, which made HSMDI less 
sensitive to actual soil moisture. In addition, 24 among the 29 stations are located over cropland with high 
irrigation rates, implying that a soil moisture-based drought index might not be able to provide consistent 
meteorological drought information. 
The correlation between HSMDI and SPI is higher during the dry season (i.e., April and May) than 
during the wet season (June to August). On the other hand, HSMDI and SPIs produced low correlation during 
the wet season (i.e., June, July, and August), which is consistent with the results of Zhang et al. (2013) that 
showed lower correlation between the soil moisture-based drought index and SPIs over the wetter area. It is 
regarded that HSMDI is more sensitive to topsoil moisture because of its generation using c-band microwave 
observations. In addition, since HSMDI was calculated using LST, there was a limited data availability during 
the wet season due to cloud (no data). Thus, it should be noted that the relationship between HSMDI and SPIs 
was not well reflected during the wet season. Consequently, HSMDI can be useful to monitor drought 
effectively during spring and autumn when drought often occurs.   
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Figure 3.4. Boxplots of correlation coefficient values between HSMDI and SPIs with precipitation by month 
from April to October. 
 
Figure 3.5 shows the time series of the HSMDIs and the 1-month and 3-month SPIs at six stations 
which are located within homogeneous land cover domains from April to October between 2003 and 2011. 
Compared to the results within heterogeneous domains, the temporal trends and patterns of drought (less than 
0 for SPI and less than 0.5 for HSMDI) and no drought conditions (greater than 0 for SPI and greater than 0.5 
for HSMDI) between HSMDI and SPIs for the homogeneous land cover domains were more similar. The 
HSMDI at Geumsan and Yangpyeong depicted meteorological drought status well except in 2008. The HSMDI 
at Geochang and Hongcheon showed very similar temporal variability of SPIs (i.e., decreasing from 2003 to 
2005; increasing from 2007 to 2008). The HSMDI at Sancheong also depicted a similar pattern with SPIs 
except for during 2004 and 2006. At Yeongcheon, meteorological drought conditions were either over- or 
underestimated. HSMDI generally showed a greater variation than SPIs because SPIs were calculated over a 
long time period (30 years) through fitting the probability distribution of data while HSMDI was simply 
standardized without considering the data distribution for relatively short period of time (2003-2011). In 
addition, there were some periods showing large differences between HSMDI and SPI; these were often lag-
time effects for one to three months. This is because the two drought indices have different characteristics: SPI 
was based solely on precipitation, and HSMDI was based on surface variables such as vegetation conditions, 
surface temperature, and evapotranspiration as well as precipitation.  
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Figure 3.5. Time series of 1- and 3-month SPIs and HSMDI (monthly) from April to October for 2003-2011 
by station within homogeneous land cover domains. SPI1 = 1-month SPI; and SPI3 = 3-month SPI. 
3.4.3 Monitoring agricultural drought 
Crop yield data have been used to evaluate the drought indices for agricultural drought monitoring 
(Mishra et al., 2015; Park et al., 2016; Quiring and Papakryiakou, 2003; Rhee at el. 2010). Sesame yield was 
obtained at ten administrative districts in Jeolla Province, and highland radish and napa cabbage yield were 
obtained at twelve administrative districts in Gangwon Province (refer to Figure 3.1). The correlation 
coefficients between HSMDI and crop yield from May to September at all stations were 0.36 for sesame, 0.36 
for highland radish, and 0.64 for highland napa cabbage. The correlation between HSMDI and crop yield by 
month was the highest in August among five months, which is the hottest month. Heat stress affects crop yield 
because crop yield decreases if temperature increases above a critical temperature threshold (Gourdji et al., 
2013; Teixeira et al., 2013; Wheeler et al., 2000). The high correlations in August imply that the deficiency of 
soil moisture due to heat stress also affects crop yield. The thermal-sensitive period (TSP), when crops are 
only sensitive to heat stress, is the flowering season (August) for sesame and is the reproductive period (June 
to August) for highland radish and napa cabbage (Wheeler et al., 2000; RDA report). Sesame, highland radish, 
and highland napa cabbage are vulnerable to high temperature. Since HSMDI incorporates LST information, 
it is not surprising to observe that HSMDI and crop yield are closely related in August. This result is consistent 
with previous studies’ findings that the flowering season for corn and soybean is vulnerable to drought and 
important to determine crop yield (Park et al., 2016; Rhee et al., 2010; Johnson et al. 2014; Otkin et al. 2016).  
Figure 3.6 shows the scatterplots between yearly crop yield (kg/ha) and HSMDI of one month before 
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harvesting (August) with R2 values. In spite of the small number of samples from five-year data, promising 
results were shown with high correlation coefficient values. Sesame (R2 = 0.60, 0.56, and 0.52 at Shinan, 
Haenam and Muan, respectively) shows relatively lower correlation coefficient values with HSMDI than the 
highland radish (R2 = 0.79, 0.85, and 0.81 at Taebaek, Inje, and Hongcheon, respectively) and napa cabbage 
(R2 = 0.66, 0.94, and 0.58 at Taebaek, Inje, and Hongcheon, respectively). This implies that the effect of 
drought varies by crop because sesame is cultivated in high irrigation-rate regions, while highland radish and 
napa cabbage are cultivated in low irrigation-rate regions. Jeolla Province where sesame is cultivated has 9,948 
irrigation facilities, while Gangwon Province where highland crops are cultivated has 6,171 irrigation facilities 
(MAFRA 2010). This suggests that highland crops are useful in evaluating agricultural drought, due to their 
vulnerability to drought.  
Figure 3.7 shows the correlation coefficient values between crop yield (i.e., highland radish and napa 
cabbage) and SPIs at two administrative districts (Inje and Hongcheon) in August. Two highland crops (radish 
and napa cabbage) show the similar pattern of the correlation coefficients for SPIs. The relationship between 
highland crops and SPIs shows a stronger relationship in Hongchen than Inje, despite both administrative 
districts being mountainous regions. This is because the accessibility for cultivation including irrigation is 
more limited in Hongcheon than Inje as the mean elevation of Hongcheon (641 m) is higher than Inje (489 m). 
There is no positive relationship between 1-month SPI and highland crops. This implies that very short-term 
drought (e.g., 1 month) doesn’t affect crop yield seriously except for the month right before harvest. In addition, 
crop yields and 1-month SPI show a negative relationship, which implies that lots of rainfall can result in a 
decrease of crop yield because August is a rainy season. Long-term meteorological drought is closely related 
to crop yield and 3-month SPI is highly correlated with crop yield as well as HSMDI (Figures 3.4 and 3.7). 
Therefore, it can be considered that HSMDI is responding to similar drought conditions as 3-month SPI or SPI 
at a longer timescale.  
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Figure 3.6. Scatterplots between yearly crop yield (sesame, highland radish, and highland napa cabbage) 
and HSMDI (0.05 significant level) in August. 
 
 
Figure 3.7. Correlation coefficients between SPIs and highland crop yields (radish and napa cabbage) at two 
administrative districts (p < 0.05). 
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3.4.4 Monitoring hydrological drought 
The limited amount of precipitation and soil moisture lead to streamflow deficiency, which develops 
into hydrological drought. HSMDI was evaluated for hydrological drought monitoring using normalized 
streamflow anomaly. Monthly streamflow data were obtained from five stations with similar surface transport 
and geomorphic properties (refer to Figure 3.1). The HSMDIs were averaged within five watersheds and were 
converted to normalized anomalies using the min-max scaling as streamflow data. The correlation coefficient 
values between HSMDI and normalized streamflow anomaly were determined by month during the growing 
season (May to September) from 2003 to 2011.  
Figure 3.8 shows the correlations between the scaled streamflow and scaled HSMDI in September. 
Since they show a range of R2 (~ 0.09 to 0.69), it is regarded that HSMDI is not able to monitor hydrological 
drought consistently well. In addition, when HSMDI shows a drought condition, the scaled streamflow shows 
a normal or wet condition. This is because the drought condition is sensitive to many factors including the 
given period, their maximum and minimum values (soil moisture and streamflow), and characteristics of 
variables (e.g., time lag effect of precipitation deficiency, surface variables such as LST, NDVI, EVI, and ET). 
As the value of 0.5 was set for the normal condition in this study, the HSMDI and scaled streamflow have 
different dynamic ranges (Figure 8), which implies the limited ability of HSMDI to monitor hydrological 
drought. The correlation coefficient values between the scaled streamflow and HSMDI during the growing 
season at all stations are shown in Table 3.3. The correlation coefficients at all stations range from 0.03 to 0.63 
in May, from –0.21 to 0.51 in June, from 0.42 to 0.72 in July, from 0.31 to 0.74 in August, and from 0.3 to 
0.83 in September.  
 
Table 3.3 Correlation coefficients (r) between HSMDI in five watersheds and scaled streamflow at five stations 
during the growing season. 
Watershed 
Month 
May June July August September 
Gwangju 0.33  0.04  0.46  0.63  0.56  
Nampyeong 0.09  0.33  0.42  0.74  0.73  
Neungju 0.03  –0.21  0.72  0.31  0.83  
Mareuk 0.53  0.51  0.68  0.70  0.30  




Figure 3.8. Scatterplots between scaled streamflow and scaled HSMDI (p < 0.05) in five watersheds 
(September). 
 
3.4.5 Novelty, opportunities, and limitations  
This study developed a drought index, HSMDI, using high resolution soil moisture through 
downscaling AMSR-E soil moisture based on a machine learning approach. HSMDI is calculated using a min-
max scaling at each pixel during a given period and thus ranges from 0 to 1. Based on the potential maximum 
and minimum at each pixel, it is identified how dry the pixel is, which allows informing relative drought status 
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for short or long periods by setting a period of interest. The soil moisture-based drought index is very useful 
to monitor meteorological drought that occurs due to the lack of precipitation and agricultural drought that is 
triggered by soil moisture deficiency. In addition, since the HSMDI was developed through integrating various 
factors (i.e., LST, vegetation indices, ET, albedo, and precipitation), it is useful to understand the characteristics 
of meteorological and agricultural droughts. This study can be applied to any region including ones where in 
situ data has limited availability because all input data are satellite-based. In this study, the HSMDI was 
evaluated for meteorological, agricultural, and hydrological droughts. The results show that the HSMDI 
properly monitors meteorological and agricultural droughts. In comparison with multi-timescale SPIs, HDMSI 
showed a similar ability to identify drought conditions as the 3-month SPI. The HSMDI and scaled streamflow 
data showed relatively low correlations, and their dynamic ranges of drought conditions are a bit different. 
There are some limitations in this study. Korea has rugged topography and heterogeneous land covers, 
which makes it difficult to directly compare HSMDI with in situ data due to the different spatial scale. In 
addition, the limited optical sensor data availability during the wet season and relatively high irrigation rates 
over cropland made the performance of HSMDI for monitoring drought conditions to be somewhat unstable. 
In particular, the correlation coefficients between HSMDI and SPIs were relatively low at the stations where 
the spatial domain (i.e., 1 km x 1 km) contains built-up areas. In addition, although many surface factors were 
used to develop the HSMDI, it is difficult to monitor various types of droughts using only a soil moisture-
based drought index. Since the original AMSR-E soil moisture product can only represent surface soil moisture 
(< 10 cm), it is not surprising that HSMDI can monitor meteorological and agricultural droughts reasonably, 
but has a limited capability to model hydrological drought. If deep soil moisture (e.g., 1 m) can be incorporated 
into HSMDI, the modeling ability of hydrological drought may be greatly enhanced. There is a limitation for 
acquiring validation data (i.e., crop yield and streamflow). This study uses streamflow observations from a 
single small river basin due to topography and data quality problems. In future research, the portion of the 
analysis (i.e., number of validation sites) will be expanded to verify drought index more accurately. Another 
limitation is the short period (9 years) of the satellite data used. Considering the operation period of typical 
satellite sensors, it might be difficult to have data from a single sensor for a long time (e.g., 20 years). Thus, 
advanced data/product fusion of multiple satellite sensors should continue to be conducted in order to secure 
long-term data for effective and reliable drought monitoring and forecasts.  
3.5 Conclusion 
In this study, seven MODIS and TRMM surface factors were used to downscale AMSR-E soil 
moisture using random forest. Downscaled 1 km soil moisture yielded high correlations with both in situ and 
AMSR-E soil moisture. The downscaled soil moisture produced lower RMSE when compared with in situ soil 
moisture than the AMSR-E soil moisture did. A novel soil moisture-based drought index, HSMDI, was 
proposed in this study. HSMDI was evaluated for meteorological, agricultural, and hydrological droughts using 
multi-timescale SPIs (1 to 12-month), crop yield, and streamflow data. HSMDI and SPIs showed high 
correlation during the dry season and, in particular, HSMDI was highly correlated with the 3-month SPI. 
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Although HSMDI showed unstable performance to monitor meteorological drought during the wet season, it 
should be noted that HSMDI well monitored meteorological drought (i.e., 1-/3-month SPI) over the areas with 
homogeneous land covers. Crop yield data (i.e., sesame, highland radish, and highland napa cabbage) were 
used to validate HSMDI for agricultural drought. HSMDI is more closely correlated with highland crop yield, 
which has a relatively lower irrigation rate than sesame.  
HSMDI monitored both meteorological and agricultural droughts well and has characteristics similar 
to the drought conditions with 3-month precipitation deficiency. However, HSMDI did not model the 
streamflow very well for hydrological drought, which deserves future research. Factors associated with 
hydrological drought might be incorporated into the downscaling process or the HSMDI generation to improve 
the performance of drought monitoring. Future research includes 1) enhancing HSMDI to better model 
hydrological drought through additional data/product fusion, and 2) evaluating HSMDI over areas with 





4. Very short-term Prediction of drought using remote sensing data and MJO 
index through Random forest over East Asia  
 
4.1 Background  
Drought is one of the complex disasters because it is difficult to identify the start and ending points of 
drought unlike other disasters such as typhoons, landslides, and floods. Drought associates a meteorological 
process to agricultural and hydrological processes. Meteorological drought occurs due to the deficit of 
precipitation, which brings about a shortage of available soil water for plant growth (Zhang et al., 2017). 
Agricultural drought is caused by the shortage of soil water, which results in significant damage to agricultural 
ecosystems (e.g., crop yield) (Martínez-Fernández et al., 2016). Hydrological drought refers to the lack of 
surface water, which affects water resources for allocation (Van Loon et al., 2016). Numerous indices such as 
Standardized Precipitation Index (SPI; McKee et al., 1995), Scaled Drought Condition Index (SDCI; Rhee et 
al., 2010), Microwave Integrated Drought Index (MIDI; Zhang and Jia 2013) and many drought monitoring 
systems including U.S. Drought Monitor (USDM; Svoboda et al., 2002), European Drought Observatory 
(EDO; http://edo.jrc.ec.europa.eu/), and Vegetation Drought Response Index (VegDRI; Brown et al., 2008) 
have been developed to monitor drought. While drought monitoring has been relatively well advanced in many 
countries, short- to long-term predictions of drought are still difficult due to the inherent complexity of drought. 
Timely prediction of drought provides valuable information to decision makers, which can mitigate drought.  
For those reasons, drought predictions are of an increasing interest, and various studies for drought 
predictions have been conducted. Several stochastic models have been developed for the prediction of 
meteorological and agricultural drought based on 1) empirical methodology such as Multiple Linear 
Regression (Lorenz et al., 2017; Otkin et al., 2014), 2) the autoregressive moving-average 
(ARMA)/Autoregressive integrated moving average models (ARIMA)(Mishra & Singh 2011; Han et al., 
2010), 3) the Ensemble Streamflow Prediction (ESP) method (AghaKouchak 2015; Mo et al., 2012; Lyon et 
al., 2012), and 4) machine learning (Belayneh et al., 2014; Belayneh & Adamowski 2012; Ö zger et al., 2012). 
Those models well predicted the gradually intensified drought. However, it was hard to predict the rapid 
changes of drought conditions such as wet to dry and dry to wet due to delayed signal because the variables 
tend to respond slowly to sudden changes of drought conditions (Otkin et al, 2015; Otkin et al., 2013). 
Therefore, it is necessary to understand the regional meteorological or climate factors as well as historical 
patterns to improve the prediction models.   
There are many climate factors affect the occurrence of drought. The East Asian monsoon, which is 
closely related to drought, is prominently affected by the variations from the Pacific Ocean. The dynamical 
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connection between East Asia and the El Niño-Southern Oscillation (ENSO) is identified in Wang et al. 2000. 
The East Asian monsoon is also affected by Sea Surface Temperature (SST) variations in the Indian Ocean as 
well as the tropical Pacific Ocean (Yang et al. 2007). In this regard, there have been many attempts to use the 
climate variability to forecast regional precipitation and East Asian monsoon. For example, Wu et al. (2009) 
developed a statistical model for predicting the East Asian summer monsoon using ENSO and the North 
Atlantic Oscillation (NAO). From these potential relationships at an interannual time scale, the climate indices 
such as ENSO, Arctic Oscillation (AO), and NAO were used for drought forecasting in the previous studies 
(Deo, Kisi, & Singh2017; Rhee & Im 2017; Morid, Smakhtin, & Bagherzadeh 2007). 
Although many drought systems have been developed in recent decades, short-term prediction of 
drought (within 10 days) is still challenging. The historical pattern of short-term drought prediction is less 
valid than long-term drought prediction because the drought factors respond slowly to sudden changes of 
drought conditions and have delayed signal (Otkin et al, 2015; Otkin et al., 2013). The causative factors of 
short-term prediction of drought are also more complex than long-term prediction of drought, and it is difficult 
to understand the process. While drought prediction for the long-period of time is mainly based on the lack of 
precipitation, drought prediction for the short-period of time is based on other factors including temperature 
and evapotranspiration rather than precipitation. However, short-term prediction of drought is important. Some 
droughts such as flash drought caused by a rapid rate of intensification has increased in recent years, and it has 
resulted in damage to agricultural systems (Wang et al.. 2016) such as economic losses reported in the billions 
of $US from the 2010/11 flash drought in U.S. (Wallander et al., 2012). Therefore, an early warning of short-
term drought to the agricultural community is necessary to mitigate the related losses (Mo et al., 2015).  
Short-term prediction of drought can be affected by atmospheric variability at intraseasonal time scale. A 
representative variability is Madden–Julian oscillation (MJO: Madden and Julian 1971) which leads to 
changing the teleconnection pattern that affects extratropical circulation over East Asia during the boreal 
winter season (Jeong et al., 2005). The anomalous teleconnection pattern associated with MJO also leads to 
the anomalous precipitation which subsequently affects hydrological land surface conditions (Jeong et al., 
2008). Additionally, Peng et al. (2017) mainly explored the relationship between the MJO and land surface 
soil moisture across the world especially over monsoon regions, where the relationship through the change of 
the atmospheric teleconnection pattern was identified using satellite-based soil moisture and precipitation data. 
The soil moisture changes over MJO phases could be a useful information to predict short-term drought event 
since the variable has persistence for a few days.  
This study aims at developing a drought prediction model for the short-period of time (one pentad) using 
random forest machine learning. The proposed drought prediction model considered the real-time multivariate 
(RMM) MJO indices because the MJO that is a short time scale climate variability and has important 
implications for the drought in East Asia (Chen et al., 2017; Lu et al., 2012; Jeong et al., 2008). Three satellite 
based drought indices, the SDCI, MIDI, and Very Short-term Drought index (VSDI) were used because 
satellite-based drought indices are able to detect sudden changes at relatively high spatial resolution and 
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increase the awareness of flash droughts (Mo et al., 2015). The objectives of this study are to 1) suggest a 
modified drought index, Very Shor-term Drought Index (VSDI) combining surface soil moisture, Land Surface 
Temperature (LST), and Normalized Difference Vegetation Index (NDVI), 2) develop drought prediction 
models by drought index using random forest, 3) validate the drought prediction models, and 4) compare the 
spatial distributions of drought evolution from original and predicted drought indices.  
 
4.2 Study area and data 
4.2.1 Study area  
This study mainly focused on East Asia region (10°-50°N and 90°-150°E) including east China, southeast 
Russia, Taiwan, Korea, and Japan. East Asia suffers from droughts especially during the spring (from March 
to May) due to the transient season of East Asian monsoon onset. East Asia has diverse land cover types. 
Figure 3.1 shows MODIS (MCD12Q1) land cover distribution with eleven land cover classes. While Korea, 
Taiwan, and Japan mostly consists of forest and cropland, China composed of forest, croplands, shrublands, 
grasslands, and barren. Most of the region over Southern East China, South Korea, and Japan is covered with 
vegetation including forest and croplands where annual rainfall is concentrated, while North Central China 
including desert is the barren. In this regard, the land surface conditions on the East Asia is strongly associated 
with atmospheric phenomenon in diverse time scale.  
 
Figure 4.1 Study area with MODIS Land cover 2010 and sixteen land cover classes were aggregated to eleven 
representative classes. 
4.2.2 Data 
4.2.2.1 Satellite data 
In this study, three satellite-based drought indices were used because satellite images have showed 
excellent performance in drought monitoring (Lorenz et al 2017; Park et al 2017; Zhang et al 2017; Park et al 
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2016; Martínez-Fernández et al 2016; Rhee et al 2010; Brown et al. 2008). It is expected that it is useful in 
short-term prediction of drought. Four variables, LST, NDVI, precipitation, and soil moisture, were used to 
produce three drought indices. LST and NDVI were calculated using MODIS daily LST (MOD11C1) and daily 
surface reflectance (MOD09CMG) with 0.05° spatial resolution which were obtained from EARTH DATA 
(https://earthdata.nasa.gov/). In this study, pentad mean (5 days) data were used to capture the short-term 
change of drought conditions, and thus, daily products were converted into pentad information. To calculate 
NDVI, bands 1 (red) and 2 (near-infrared) were used, and the Maximum Value Composite approach (MVC; 
Holben et al., 1986) was applied to produce pentad NDVI. This study used TRMM 3B42 daily precipitation 
data with 0.25° spatial resolution obtained from Goddard Earth Sciences Data and Information Center) (GES 
DIC; https://mirador.gsfc.nasa.gov/). Daily precipitation were converted to monthly with a 5-day interval 
(pentad). European Space Agency (ESA) – Climate Change Initiative (CCI) satellite-based soil moisture 
dataset collaborating active and passive measurements provides daily volumetric soil moisture at surface level 
with 0.25° spatial resolution since 1979 (Liu et al., 2012; Dorigo et al., 2017; Gruber et al., 2017). The data is 
available from ESA-CCI (http://www.esa-soilmoisture-cci.org), and version 3.3 soil moisture data were used 
in this study. TRMM precipitation and ESA CCI soil moisture were resampled to 0.05° grid size using the 
bilinear interpolation.  
SDCI proposed by Rhee et al. (2010) was calculated using Precipitation Condition Index (PCI), 
Temperature Condition Index (TCI), and Vegetation Condition Index (VCI) (equation 4.1). MIDI proposed by 
Zhang and Jia (2013) were calculated using PCI, Soil Moisture Condition Index (SMCI), and TCI (equation 
4.2). Those condition indices were calculated by normalizing from 0 to 1 through max-min scaling at each 
pixel, which considers the potential maximum and minimum of ecosystem as discussed in Kogan et al. (1995). 
The values of 0 (1) represents the driest (wettest) condition. Although the growing season over East Asia is 
from April to September, drought frequently occurs from April to May when people start farming. Thus, the 
temporal scope of this study is from April to May between 2000 and 2016. The indices were computed using 
pentad means for 17 years (twelve pentads per year). Each drought index has twelve pentads per year. This 
study proposed a new drought index, Very Shor-term Drought Index (VSDI), which modified SDCI because 
precipitation in SDCI is inadequate for monitoring and predicting change in drought conditions for the short-
period of time. It is difficult for the lack of precipitation within one pentad to be the standard of drought, and 
other factors such as temperature and evapotranspiration are highly related with drought rather than 
precipitation for the short-period of time. Since soil moisture reflects precipitation as discussed in Wang et al. 
2016, VSDI was developed by replacing PCI with SMCI (equation 4.3).  
SDCI = 0.5*PCI + 0.25*TCI + 0.25*VCI               (equation 4.1) 
MIDI = 0.5*PCI + 0.3*SMCI + 0.2*TCI                (equation 4.2) 
VSDI = 0.5*SMCI + 0.25*TCI + 0.25*VCI             (equation 4.3) 
4.2.2.2 Numerical Land Surface data  
A land surface model offline simulation with Joint UK Land Environment Simulator (JULES: Best et 
53 
al., 2011) was implemented. The model simulation produced land surface variables with a 0.5° spatial and 4 
layers (0.1, 0.25, 0.65, and 2 meters) vertical resolution in the land. Near surface atmospheric forcing provided 
by the Terrestrial Hydrology Research Group (Sheffield et al. 2006) was used to drive the land surface model. 
The atmospheric variables are based on the National Centers for Environmental Prediction–National Center 
for Atmospheric Research reanalysis (Kalnay et al. 1996) and their mean climatology was corrected by 
observational datasets (e.g., Global Precipitation Climatology Project (GPCP) and TRMM 3B42RT). Climatic 
Research Unit (CRU) time-series (TS) 2.0 monthly data (Mitchell et al. 2004) was used to correct air 
temperature, and NASA Langley surface radiation budget products (Stackhouse et al. 2004; monthly) was 
adopted to correct surface radiative fluxes.  
4.2.2.3 Madden-Julian Oscillation (MJO) index 
To define MJO phases, we adopted the method proposed in Wheeler and Hendon (2004), which is based 
on a pair of empirical orthogonal functions (EOFs) of the combined fields of 850-hPa, 200-hPa zonal wind 
anomalies and outgoing longwave radiation (OLR) averaged over the tropics (15°S-15°N). The two leading 
principal components (PC1 and PC2) of the EOFs are referred to the Real-time Multivariate MJO series 1 
(RMM1) and 2 (RMM2), respectively. Based on RMMs, MJO phases one to eight are determined by the 
location of convection center and its intensity is calculated by the root of the sum of the squared RMM1 and 
RMM2.  
 
4.3. Methodology  
A total of eleven input variables, 1-, 2- and 3- pentads before the target prediction dates RMM1 MJO, 
RMM2 MJO, and drought indices, latitude, and longitude, were used in the drought prediction models. The 
target variable is each drought index. For example, to predict SDCI on a target date, SDCIs computed 1-, 2- 
and 3-pentad before the date were used with other variables including 1-, 2- and 3-pentad before RMM MJO 
indices, latitude, and longitude of each pixel over study area. Figure 4.2 shows the process flow diagram of the 
approach proposed in this study. All variables drought—indices, RMM MJO indices, latitude, and longitude—
were resampled to 100 km to consider the characteristics of variables over the whole area of study region by 
using all pixels. Then, a total of eleven independent variables and the dependent variable (i.e., each drought 
index for target dates), were fed into random forest to develop drought prediction model. Randomly selected 
80% of the samples were used as training data, and the remaining 20% were used for validation. 
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Figure 4.2 Flowchart of this study. 1-, 2- and 3-pentad before the date RMM MJO indices and drought 
indices, latitude and longitude were used to predict drought.  
 
Random forest (RF) machine learning was adopted to develop drought prediction models because RF 
has been used in many remote sensing field and showed relatively better performance than other machine 
learning approaches such as decision tree, boosted regression trees, Support Vector Regression (Yinghai et al. 
2017; Im et al. 2016; Park et al. 2016). RF consists of many (typically 500-1000) classification and regression 
trees (CARTs). There are two major randomization processes in RF. A subset of training samples (2/3) was 
randomly selected to develop each tree, and a random subset of variables was used at each node of a tree to 
determine a splitting variable. This study used squared root of the number of variables. Each tree is fully grown 
through repeated splits. The best split at a node is determined and the split is determined in the lowest residual 
sum of squares (RSS). Finally, the prediction of an unknown pixel is determined by averaging of the results of 
all trees. RF also provides relative variable importance (%IncMSE) that implies the contribution of the variable 
for predicting a target variable. It is calculated by permuting variable. The prediction error (Mean Squared 
Error; MSE) is computed for each tree, and the same error is also computed after permuting each predictor 
variable. The difference between the two MSEs from all trees are averaged and then standardized. High 
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difference means the variable is important. R software (https://www.r-project.org/) was used to implement RF 
through Random forest package. Default settings were applied except for the number of trees (1,000 trees).   
In this study, the intraseasonal variability of MJO over East Asia was analyzed. Two prediction 
models for each drought index were compared to understand the effect of RMM MJO indices in drought 
prediction. The original prediction model used five variables (drought indices three pentads before, latitude 
and longitude) excluding RMM MJO indices to predict each drought index, while the other MJO-based 
prediction model used eleven variables including RMM MJO indices. The developed drought prediction 
models were validated through leave a year out cross validation. This study used 17-fold cross validation (from 
2000 to 2016). The performance of the drought prediction models was evaluated using Root Mean Square 
Error (RMSE) and correlation coefficients (r), relative RMSE (rRMSE), and p-value. The change of spatial 
distribution of drought from normal to dry and dry to normal conditions was also compared in this study.  
 
4.4 Results and discussion 
4.4.1 Meteorological climatology associated with MJO 
Figure 4.3 shows the composited air temperature by MJO phases 1 to 8 during the spring season 
(April–May) for 22 years. To extract the variability of air temperature at intraseasonal time scale, the anomaly 
of air temperature generated by JULES offline simulation, which was filtered using the 30-90 days bandpass, 
were used. The spatial anomaly of air temperature according to the MJO phase clearly appears over East Asia. 
During MJO phases 1–3, there is a distinct warm anomaly pattern, while the opposite anomaly (i.e., cold 
pattern) is shown for phases 5–7 over East Asia and central China. However, the MJO-related temperature 
variation is not clear in southern China. The result is not consistent with the analysis in Jeong et al. (2005) 
during boreal winter season, when MJO intensity is strong, and thus there is a significant cooling in phases 2-
4 while a warming in phases 6-8 over the East Asia region. 
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Figure 4.3 Composites of 30-90 days filtered surface air temperature based on each of eight MJO phases 
during 22 spring seasons (April-May) of 1991–2012 
 
Figure 4.4 represents the daily variance of the air temperature, top-level (~10cm) volumetric soil 
moisture, and precipitation at intra-seasonal time scale. The variation of the air temperature is active in central 
China where the land surface condition is relatively dry. The variability of soil moisture is dominant over 
Southeast Asia and Northeast China. Precipitation variability at subseasonal time scale of 30–90 days is high 
in the main rainfall regions including Southeast Asia, South China, Korea, and Japan. However, the distribution 
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of the ratio explained by the intra-seasonal variation versus total variance is quite different. The degree of 
explanation of soil moisture variability on the range of 30–90 days compared to its total variance is practically 
high about 40% over central and northeast China where soil moisture memory is relatively large in East Asia 
(Seneviratne et al., 2006). The ratio of the filtered temperature variance to its total variance is about 10–15% 
over the research region, and the ratio of the precipitation is less than 10%. Based on the introduced variables, 
this study examines their role to forecast short-range drought over East Asia. 
 
Figure 4.4 Variance of (a) surface air temperature, (b) top-level volumetric soil moisture, and (c) precipitation 
bandpass filtered for 30-90 days during 22 springs between 1991–2012, and their ratios to total variance in (d-
f).  
 
4.4.2 Comparison of drought prediction model performance 
The MJO-based prediction models showed better performance than the original prediction models 
(Figure 4.5). The correlation coefficients and RMSEs were greatly improved by around 0.3 (r) and 10 % 
(RMSE) in all three drought indices. Figure 4.5 also shows that the predicted drought indices in MJO-based 
prediction models are matched well with the actual drought indices. For SDCI and MIDI, the values of 
predicted drought indices are concentrated on mean values (~ 0.35) in the original prediction models, which 
resulted in a smaller dynamic range (0.2-0.5). Such a tendency has been reported one of limitations of empirical 
models in many studies. However, predicted drought indices well catch the range of original drought indices 
(0.1-0.7) in the MJO-based prediction models. In particular, the driest and wettest conditions in SDCI and 
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MIDI were well predicted, which implies that RMM MJO indices provide useful information for prediction.  
The improvement of performance through the application of RMM MJO indices to the drought 
prediction is significantly dominant for SDCI, which does not contain a soil moisture component (Figure 4.5). 
The ratio of soil moisture variability at 30–90 days time scale is dominantly higher than those of the 
temperature and precipitation (refer to Figure 4.4). It means that predictions of MIDI and VSDI without using 
MJO indices as input already have a MJO-related intraseasonal variation component due to soil moisture. The 
modeling performance of SDCI in the MJO-based prediction models increased (from 0.29 to 0.70 in r and 
from 42% to 32% in RMSE). Inclusion of MJO indices shows the substantially improved prediction of SDCI, 
which consists of PCI, TCI, and VCI, because the MJO-related intraseasonal variability is included less in PCI 
and TCI than SMCI (Figure 4.4). In VSDI where the soil moisture accounts for half of this index, it shows 
0.57 prediction skill without using MJO information to the drought prediction because the surface condition 
itself already possesses the MJO-related intraseasonal memory. 
The performance of the MJO-based prediction model was also better than that of the original 
prediction model for VSDI, although the original prediction model works well unlike the other drought indices. 
Since precipitation is more fluctuating during the short-term period than other variables such as soil moisture, 
LST, and NDVI, it is considered that precipitation is not adequate for monitoring short-term prediction of 
drought. In addition, most of drought conditions in SDCI and MIDI were dry (less than 0.4) because most of 
PCI values are less than normal (0.5) due to a large gap between maximum and minimum values of 
precipitation during one pentad. Therefore, it is regarded that VSDI is adequate for monitoring and predicting 
drought for the short-period of time. In addition, the performance of three prediction models were saturated 
around r =~ 0.7, which suggests that there are still possibility to improve the drought prediction through further 
understanding the physical drought processes over East Asia using the climate variabilities at other time scale.  
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Figure 4.5 Modeling performances of two drought prediction models (with MJO and without MJO) for three 
drought indices. Scatter plots, r, and RMSE were produced though validation.  
 
The relative variable importance from two models for three drought indices are appeared in Table 1. 
As expected the latest drought index (1-P before drought index) showed the highest variable importance in 
both MJO-base model and original model for three drought indices, and there is no noticeable difference in 
variable importance between 2-pentad before drought index and 3-pentad before drought index. When 
compared the variable importance of RMM1 MJO and RMM2 MJO, the contribution of the RMM1 MJO was 
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higher than the RMM2 MJO. As the each of RMM’s value is determined by each of EOF leading modes, the 
RMM1 is more important in the drought forecast than the RMM2 due to the highest variance explanation of 
EOF1 (Wheeler and Hendon 2004). The variable importance of latitude was higher in original model, while 
the variable importance of longitude was higher in MJO-based model. MJO variability that primarily tends to 
eastward propagation in the equatorial belt influences on the horizontal anomaly of teleconnection pattern. The 
geographical MJO propagation would cause that longitude was more important than latitude in MJO-based 
model.  
 
Table 4.2 Variable importance of two drought prediction models (with MJO and without MJO) for three 
drought indices. 














1-P before drought index 189.21 126.74 208.45 151.64 267.95 227.17 
2-P before drought index 144.38 66.42 146.00 81.43 128.91 107.89 
3-P before drought index 146.22 64.62 141.75 73.25 127.34 111.08 
Latitude 205.26 117.25 150.36 85.28 92.67 79.32 
Longitude 215.02 76.10 177.90 67.37 106.38 74.55 
1-P before RMM1 144.23  133.19  130.05  
1-P before RMM2 139.66  117.60  88.32  
2-P before RMM1 110.21  110.71  127.19  
2-P before RMM2 106.79  107.22  81.07  
3-P before RMM1 113.44  114.50  103.56  
3-P before RMM2 97.37  97.84  82.79  
 
Figure 4.6 shows the spatial distribution of 17-fold cross validation results of the MJO-based VSDI 
prediction model. Original VSDI and predicted VSDI during planting season (April to May) from 2000 to 
2016 (153 pentads) were compared using r, p-value, RMSE, and rRMSE (Figure 4.6). Positive correlation 
(0.424 averaged) and low RMSE (<0.148) and rRMSE (< 30 %) are seen in most areas. Some regions such as 
southern and northwestern China showed lower r and higher p-value than other regions. It implies that the 
drought prediction model cannot work well to predict VSDI in the areas. It is because the limited number of 
samples due to clouds (LST and NDVI) and limited satellite paths (CCI soil moisture). The northeastern China 
near Gobi desert shows higher RMSE (~ 0.18) and rRMSE (~ 40%) with relatively low r (~ 0.23) compared 
to other areas. Because this region is sparsely vegetated and has a relatively dry condition (0.411 averaged in 
VSDI) regardless of the season unlike the other areas (0.523 averaged in VSDI) (Park & Park 2017). The 
drought prediction model performed well over densely vegetated regions, which consist of forest, shrublands, 
savannas and croplands (refer to Figure 4.1) with relatively high r and low RMSE and rRMSE (Figure 4.6).  
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Figure 4.6 leave-one-out validation of VSDI prediction model. Each pixel includes 9 pentads x 17 years data. 
Each pixel was processed as no data when the number of data was less than 50. 
The spatial distribution of drought conditions from original VSDI and predicted VSDI from two 
models (with MJO and without MJO) were compared with pentad scale in 2010 and 2011 (Figure 4.7 & 4.8). 
In 2010, drought was eased from April 21 to 26, and drought was intensified from April 26 to May 1. Then, 
drought was eased again from May 1 to May 6. The MJO-based prediction model well predicted drought 
conditions in both eased and intensified drought conditions during four pentads (Figure 4.7). It is noticeable 
that the predicted VSDIs from MJO model can catch the inverse patterns that was not learned from previous 
drought conditions because the predicted VSDIs from original model (without MJO) cannot catch the pattern 
especially May 1. April 26 was at the phase 1 and May 1 was at the phase 2, and this region can be dry from 
phase 1 to phase 2 (refer to Figure 4.3). The MJO-based prediction model can predict the drought near 40°N 
and 120°E, but the original prediction model cannot predict the drought (Figure 4.7). In Figure 4.8, Drought 
was evolved from May 11 to May 21 in 2011, and predicted VSDIs (MJO model) were also well matched with 
actual VSDI. May 11 was at the phase 7 and May 16 was at the phase 8, and Figure 4.3 shows the dryer change 
from phase 7 to phase 8. As expected, while the original prediction model cannot predict the intensified 
drought, the MJO-based prediction model can predict the drought (Fig. 4.8). 
Although the spatial pattern of predicted VSDI was well matched with actual VSDI, the drought 
condition of the predicted VSDI was underestimated. The dynamic range of the predicted VSDI was slightly 
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smaller than the actual VSDI because random forest tends to produce results reducing errors, which leads to 
the values toward mean values (Im et al. 2016; Park et al. 2016). Although it is difficult to predict the sudden 
change of drought conditions (wet to dry or dry to wet) considering only previous patterns of droughts (Hao 
et al. 2016; AghaKouchak 2015; Belayneh et al. 2016), the MJO-based prediction models can improve the 
limitation. Therefore, it can be seen that MJO-based prediction models are very useful in predicting drought 




Figure 4.7 Comparison of change of drought conditions between actual VSDI and predicted VSDIs from two 
models (with MJO and without MJO) in 2010.  
 
 
Figure 4.8 Comparison of change of drought conditions between actual VSDI and predicted VSDIs from two 
models (with MJO and without MJO) in 2011. 
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4.5. Conclusion  
The frequency of rapidly developing droughts for the short-period of time (e.g. flash drought) has 
increased, and it has damaged on agricultural system. Short-term prediction of drought is important to provide 
accurate information of drought to decision makers. In this study, short-term prediction model considering 
climate variability was developed using random forest. Three satellite-based drought indices―SDCI, MIDI, 
and VSDI―were predicted with very short time scale (one pentad), and RMM MJO indices were used to 
improve drought predictability because MJO has short time scale variability and closely related to drought 
factors including precipitation, temperature, and soil moisture. The effect of MJO was evaluated by comparing 
two models. One included RMM MJO indices and the other excluded RMM MJO indices. The performance 
of drought prediction model including RMM MJO indices was improved in all drought indices. However, there 
are differences in improvement of performance among three drought indices. The performance of MJO-based 
drought prediction model was improved the most in SDCI and the least in VSDI. As stated above, since soil 
moisture includes intraseasonal variability of MJO, VSDI comprising soil moisture with a high portion (0.5) 
showed less improvement than MIDI (0.3) and SDCI (0). VSDI which modified SDCI and MIDI was regarded 
as the most acceptable drought index to predict and monitor drought for the short-period of time because soil 
moisture is more adequate than precipitation for monitoring drought in a short time scale. Although RMM 
MJO indices contributed to enhancement of drought prediction, there is still a limitation. The performances of 
drought prediction models were saturated to 0.7 in correlation in three drought indices. Therefore, in further 
study, other factors including interannual climate variability such as ENSO, AMO and local or reginal 








The characteristics of drought factors depending on the duration of drought were identified. Total 
sixteen drought factors were analyzed using three machine learning approaches targeting a meteorological 
drought index (SPI) and an agricultural drought index (crop yield), and relative importance of variables derived 
from the machine learning approaches. RF outperformed the other approaches and was used to select the most 
important six variables (LST, NDVI, NDWI, NMDI, ET, and TRMM) with the consideration of the inter-
relation of the variables. The crop yield based maps showed more consistent distributions with USDM maps 
compared to the 3-month SPI based maps.  
AMSR-E soil moisture with coarse resolution (25 km) was downscaled to 1 km soil moisture using 
seven surface factors through random forest. Downscaled 1 km soil moisture yielded high correlations with 
both in situ and AMSR-E soil moisture and produced lower RMSE in situ soil moisture than AMSR-E soil 
moisture. A novel soil moisture-based drought index, HSMDI, was proposed. HSMDI monitored both 
meteorological and agricultural droughts well and has characteristics similar to the drought conditions with 3-
month precipitation deficiency. However, HSMDI did not model the streamflow very well for hydrological 
drought. 
Short-term prediction model considering climate variability was developed using random forest. 
Three satellite-based drought indices were predicted with very short time scale (one pentad), and RMM MJO 
indices were used to improve drought predictability. The performance of drought prediction model including 
RMM MJO indices was improved in all drought indices. VSDI which modified SDCI and MIDI was proposed 
to predict and monitor drought for the short-period of time because soil moisture is more adequate than 
precipitation for monitoring drought in a short time scale. 
The approaches proposed in this thesis can be applied to any vegetated region where remote sensing 





 6. Outlook and future works 
 
There are some limitations which should be improved in the future. Although the each subject of thesis is 
interconnected (understanding drought factors, drought monitoring, and drought prediction), each study region 
is different. In future study, those approaches will be applied to one study region (e.g., Africa), and some 
limitations reported previous studies will be improved.  
Testing and Evaluating of developed drought indices will be conducted in broad regions with various 
reference data to more generalize parameterizations and validate in the proposed approach.  
As the current thresholds (e.g., 0.5 for normal condition) of developed drought index to determine drought 
conditions are arbitrary, specific standards and guidelines on thresholds should follow.  
Remote sensing-based optimized approaches to different types of drought (i.e., agricultural drought and 
hydrological drought) will be developed. Especially, hydrological drought was not well monitored. Future 
research enhances HSMDI to better model hydrological drought through additional data/product fusion. 
Factors associated with hydrological drought (e.g., GRACE satellite data, root zone soil moisture) might be 
incorporated into the downscaling process or the HSMDI generation to improve the performance of drought 
monitoring.  
Although RMM MJO indices contributed to enhancement of drought prediction, the performances of 
drought prediction models were saturated to 0.7 in correlation in three drought indices. More accurate 
prediction model will be developed considering various factors including interannual climate variability (e.g., 
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